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ABSTRACT 

Progress in the advancement of control techniques has been mainly due to stringent 

design requirements, and the need to meet these requirements with less precise apriori 

knowledge of the plant under study. That is, the necessity to control a plant under 

increased uncertainty has been responsible for the evolution of control schemes. No 

general analytical solution for a system operating under uncertain conditions can be 

determined. This, therefore, necessitates the design of an adaptive controller with learning 

and adaptation features. 

In the existing learning methodologies, controlling a given plant follows the 

learning phase, that is, learning and controlling are two distinct phases. In order to unify 

the above two phases into one phase, 'learning-while-functioning', a different approach 

called Inverse-Dynamics Adaptive Controller (IDAC) has been proposed in this thesis. In 

this approach, the controller is made to be an inverse-dynamics model of the plant under 

study. The concept of the inverse-dynamics approach, and the necessary algorithm for this 
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ique, are developed in this thesis. The results of extensive computer simulation 

s are given which detail the performance of the IDAC. From these results, it is 

ved that a controller designed using the inverse-dynamics approach can learn and 

1 a given plant. Also, learning and control are achieved simultaneously. At each 

ng trial the plant is directed towards a desired performance. The use of the IDAC for 

1 purposes is rather a direct approach in contrast to the conventional techniques using 

uzation theory. Furthermore, the inverse-dynamics adaptive control scheme is 

endent of the type of plant to be controlled, however, in this thesis, only linear plants 

nsidered. 
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1. Introduction 

1.1 General 

It has been a desire and an endeavour of scientists and technologists to create machines 

with an increasing independence of human control. Ultimately these machines would need to 

be presented only with examples of conclusions; they should then complete a task and learn 

from feedback how they are performing. The machines simply run through the material again 

and again, making mistakes, but 'learning' from them until finally they get themselves into a 

form to carry out the task successfully. This ability to 'learn while performing' is analogous to 

human learning. By having machines posses such a level of intelligence, they would be able to 

learn tasks not easily handled by existing machines, and more importantly continue to adapt 

and perform these tasks with increasing efficiency under changing and unpredictable 

conditions. Such independent or autonomous machines would prove useful where direct 

human control would be hazardous, tedious or impossible. 

Here the name 'machine' is a generic term for any artificial system that includes 

autopilots, automatic navigation and guidance systems, autonomous vehicles, robots, and 

manufacturing and process controllers. This attribute of human intelligence - 'learning while 

performing' - has motivated the study taken up in this thesis. 

1.2 Adaptive Control Concepts 

1.2.1 Introduction 

Conventional feedback control systems give excellent results so long as the parameters 

of the plant are time-invariant, or varying over a very small range. When the parameters of the 

plant vary over a wide range of unknown values the plant may exhibit undesirable dynamics 

and, more often, an unstable operation. Conventional control techniques, under these 

1 
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circu stances, fail to perform satisfactorily. Such a large range of variations in parameter 

value" occurs in a number of systems, like aircraft, unmanned space vehicles, and process 

indus es, as they are subjected to unpredictable variations in their environmental conditions. 

Obvio sly, under any of these conditions, a conventional feedback controller is no longer 

indiff rent to variations, and the system performance soon degrades beyond acceptable limits. 

Early ttempts to overcome these problems made use of non-linear control systems, involving, 

in the implest cases, an adjustment of the loop gain to compensate for changes in the system 

param tern caused by changes in the environment [1]. These have often been very successful, 

but s ch a 'fixed' compensator can be adequate only over a restricted range of operating 

condit ons. Outside this range, the compensation must be changed; that is, the system must be 

adapt to cope with the new conditions. 

In these cases, therefore, the system is required to automatically change its own 

comp nsation, a requirement leading to an adaptive control system. The parameters of the 

adapti e controller are made to vary in accordance with a rule (or parameter adaptation 

algori m) in order to keep the system performance at the desired level. 

ira 

1.2.2 Definitions of an Adaptive Control System 

According to the Oxford dictionary 'adapt' means to "modify or to alter a behavior to 

new c cumstances". This meaning gives, intuitively, the definition of an adaptive controller as 

a reg lator which can change its behavior in response to changes in the dynamics of the 

proce s and the disturbances. Over the years there have been many attempts to define adaptive 

contra'. The precise, universal definition of an adaptive controller is a topic which has been 

argue• among control researchers for many years and the issue still remains unsettled [2]. 

Truxal proposed to define an adaptive control system as a physical system which has 

been esigned with an adaptive viewpoint. According to Landau [3], the definition of adaptive 

an co a of system is: 
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"An adaptive control system measures certain index of performance using the inputs, 

the states, and the outputs of the adjustable system (plant). From the comparison of the 

measure index of performance values and a set of given ones, the adaptation mechanism 

modifies the parameters of the adjustable system (or modifies the inputs) in order to maintain 

the index of performance values close to the set of given ones". 

A schematic representation of an adaptive control system is shown in Fig. 1.1. 

UNKNOWN KNOWN 

PERTURBATIONS PERTURBATIONS 

INPUTS ADJUSTABLE 

SYSTEM 

ADAPTATION 

MECHANISM 

A 

SET OF GIVEN 

P 

COMPARISON 

P 

MEASUREMENT 

Fig. 1.1. A basic configuration of an adaptive system. 

OUTPUTS 

Johnsonf41 proposed the following definition of an adaptive controller: 

"Let xm (t. xmo ) be the ideal (desired) closed-loop state-trajectory motion for a 

controlled plant, and let x(t, u(t); xo) denote the plant's actual state-trajectory motion under 

control action u(t). Suppose the plant must operate in the presence of major plant uncertainties 

P and environment uncertainties E. Further, let the adaptation error state ea(t) be defined as 

ea(t) = xm (t., xmo ) - x(t, u(t); xo). 



4 

Then, an adaptive controller is defined as any controller that can consistently regulate 

ea(t) . 0 with satisfactorily small settling time, for all anticipated plant initial conditions xo, all 

anticipated plant uncertainties P, and all anticipated environment uncertainties E". 

A committee of IEEE tried to reconcile the different views and proposed a new 

vocabulary [2], like parameter adaptive self-organizing control (SOC), performance adaptive 

SOC, and learning control system. With all these efforts a meaningful definition of adaptive 

control which makes it possible to look at a controller and decide if it is adaptive or not is still 

lacking. There appears, however, to be consensus that a constant gain feedback is not an 

adaptive system [2]. There are several surveys on this topic. An extensive bibliography which 

conveys more than 700 papers published before 1976 is given in [5]. 

In this thesis, however, the author has taken a pragmatic approach towards the 

definition of adaptive control systems as: 

"In an adaptive control system the parameters of the controller are modified according 

to an adaptation algorithm or rule so that the plant under study is provided with appropriate 

control signals which result in the reduction of the error, with time, between the desired 

response and the actual response". 

1.2.3 Review of Adaptive Control 

Although a more precise, and universally acceptable definition of adaptive control is yet 

to make its impact, research in the adaptive control paradigm has not abated. Research in 

adaptive control was very active in the 1950's and was motivated by the design of autopilots 

for high-performance aircraft. Such aircraft operate over a wide range of speeds and altitudes. 

It was found that conventional constant gain, linear feedback can work satisfactorily in only 

one operating condition. Difficulties can, however, be encountered when operating conditions 

change. More sophisticated controllers which can work well over a wide range of operating 

conditions were needed. The work on adaptive flight control is summarized in [6] and [7]. It 
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was andicapped by poor hardware and non-existent theory. Interest in the area diminished 

due ti lack of supporting theory, and a disaster in a flight test [2]. 

In the 1960's, there were many contributions to control theory which were important 

for e development of adaptive control. State space and stability theory were introduced. 

Ther were also important developments in stochastic control theory. Fundamental 

con eibutions were also made by Tsypkin , who showed that many schemes for learning and 

adap live control could be described as recursive equations of the stochastic approximation type. 

The nderlying functions for most adaptive regulators encompass identification of the 

unkn a wn parameters, the selection of an optimal control strategy, and the on-line modifications 

of t e parameters of the controller. There were also major developments in system 

identificationi  and in parameter estimation [8], which contributed to giving insight to the 

adap ve problem. 

In the late 1970's and early 1980's exact proofs for stability of adaptive systems 

appe ed under very restrictive assumptions. The two main approaches in adaptive control 

were broadly classified as automatic tuning regulators [9], and model-reference adaptive 

con 1 (MRAC) [10]. The impressive development of adaptive control methods over the past 

dec was characterized by extensions of adaptive methods to multivariable systems by proofs 

of s bility and convergence properties of adaptive schemes. 

Although adaptive control has been a dream for control system theorists and practical 

engi i eers for at least a quarter of a century, its applications to realistic problems have 

neve heless been very slow [1]. One reason for this may be the prior knowledge needed in 

orde to guarantee the stability of adaptive controllers. The complexity of implementation of 

adap ve controllers in realistic, large systems may also discourage the practitioner. Most 

adap ive control procedures assume that an upper bound on the order of the controlled plant is 

kno n. This prior knowledge is needed in order to prove stability and also to implement 

reference models, identifiers, or observer-based controllers of about the same orders as the 

cont olled plant [11]. Since the order of the plants in the real world may be very large or 

II 

. - 
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own, implementation of these procedures in realistic complex plants may be difficult and 

som times impossible [12]. 

A need for adaptive control schemes, having some desirable learning capabilities, arises 

in t e control of processes which are time-varying, non-linear, or have unknown dynamics 

with unknown disturbances acting upon them. For such an inherently complex system, no 

general analytical solution can be found [13]. It becomes, therefore, almost mandatory to 

desi n a controller which exhibits learning and adaptation capabilities. 

1.3 Learning Control Systems 

1.3. Introduction 

As mentioned in the previous section, if the apriori information about the controlled 

pros- ss (plant) is unknown, or incompletely known, an optimal controller can not be designed 

by e classical methods of optimal design. Two different approaches have been taken to solve 

this lass of problem [14]. 

One approach is to design a controller based only upon the amount of information 

ava able. In this case, the unknown information is either ignored or is assumed to take some 

kno n "best guess" values. The controllers designed utilizing this approach are, in general, 

sub els timal and inefficient. 

The second approach is to design a controller which is capable of estimating the 

u own information during its operation and an optimal control action is determined on the 

basi of the estimated information. If the estimated information gradually approaches the true 

info ation as time proceeds, then the controller thus designed will approach the optimal 

con I • ller. This means that the performance of the designed controller will be eventually as 

goo• as in the case where all the apriori information required is known. Because of the gradual 

imp ovement of performance due to the improvement of the estimated unknown information, 

this lass of control systems may be called learning control systems [14]. The controller learns 
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the unknown information during operation and the learned information is, in turn, used as an 

experience for future decisions or controls. 

It may be noted at this stage that, from the conventional notion of adaptation (although 

still unclear as to its definition), every learning system is also adaptive. Learning may be 

identified with adaptation. However, the contrary may not be true for many adaptive systems. 

From the concepts just presented, the problem of learning may be viewed as the 

estimation or successive approximation of the unknown quantities of the controlled process 

under study. The unknown quantities to be estimated or learned by the controller may be either 

the parameters only, or the form and the parameters which describe a deterministic or 

probabilitistic function. The relationship between the control algorithm and this function is 

usually chosen by the designer [14]. Therefore, as the controller accumulates more 

information about the unknown dynamics of the plant, the control law will modify the 

adjustable parameters of the controller in order to improve the system's performance. 

1.3.2 Definitions of Learning Control Systems 

It is difficult to find more fashionable and attractive terms in the modern theory of 

automatic control than the terms of adaptation and learning. At the same time, it is not simple 

to find any other concepts which are less complex and more vague [15]. Appropriate 

definitions of learning control systems by Fu are standardized [16] and are given here: 

Definition 1: Learning System 

A system is usually called a learning system if the information pertaining to the 

unknown features of a process or its environment is acquired by the system, and the obtained 

information is used for future estimation, recognition, classification, or decision such that the 

performance of the system will be improved. 

Definition 2: Learning Control System 

A learning system is called a learning control system if the acquired information is used 

to control a process with unknown features. 
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1.3.3 Classification of Learning Control Systems 

Learning procedures fall into two classes: 

(1) learning with external supervision (or training, or supervised or off-line learning), 

(2) learning without external supervision, (or non-supervised or on-line learning). 

In learning with external supervision, the desired answer is usually considered exactly 

known. A basic block diagram of a supervised learning control system is shown in Fig. 1.2. 

INPUT 
CONTROLLER 

DISTURBANCE 

V 

PLANT 

OUTPUT1 

TEACHER 

Fig. 1.2. A supervisory learning control system. 

Directed by the known answer, (say, given by the teacher), the controller modifies its 

control strategy or control parameters to improve the system's performance. The 'teacher' 

evaluates the performance of the controller and directs the learning process performed by the 

controller so that the system's performance will be gradually improved. 

In learning a process without supervision, however, the desired answer is not exactly 

known. Two approaches are usually used in designing such controllers: 1) the learning 

process is carried out by considering all possible answers, and 2) the controller uses a 
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perf rmance measure to direct the learning process (performance feedback approach) in which 

case t is synonymous with the performance adaptive self-organizing control [16] 

1.4 Recent Trends in Adaptive Control 

1.4. Introduction 

Over the past two decades or so the field of adaptive control has un 

chan es. The thrust of much development in adaptive control has concentrated 

and pecialized techniques. In other words, the thrust has been to develop preci 

prec sely stated problems. However, it has been found that significant knowle II 

ergone many 

n algorithms 

e solutions to 

e is required 

to u the classical methods correctly. Also, conventional approaches lead to olutions that 

requ too much apriori information about the plant to be controlled. 

It is again acceptable to explore ideas that are not based on formal ma matics. The 

subj ct automatic control is in an enviable position relative to other areas becau e much work 

has en done on the fundamentals, and the area is receptive to new ideas. 

Three such new techniques based on expert systems, neural networks, and inverse-

dyn ics are briefly discussed in the next section. 

1.4. Expert Control or Knowledge-Based Control Systems 

This approach is based on the use of expert systems in feedback contr 

syst can be seen as a piece of software that explicitly represents an expert's 

parti ular subject domain (area of expertise). Also known as a knowledge-based 

an e pert system typically includes a knowledge base, consisting of facts and 

dom.; in, and heuristics (rules) for applying those facts. Knowledge is not 

algo "thms. 

Expert control or KB control was originally proposed by Astrom an'

Here a knowledge-based system was used for representing general control k 

he stics regarding tuning and adaptation. Furthermore, the KB system was us 

1. An expert 

owledge in a 

(KB) system, 

les about the 

the form of 

Amen [17]. 

owledge and 

d for on-line 
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supervision of a set of numerical algorithms for identification, control, and monitoring [18]. A 

block diagram of a KB controller is shown in Fig. 1.3. 

APRIORI 

INFORMATION 

INPUT 

KNOWLEDGE -

BASED SYSTEM 

CONTROL 

ALGORITHMS 

SUPERVISION 

ALGORITHMS 

IDENTIFICATION 

ALGORITHMS 

PROCESS 

OUTPUT 

Fig. 1.3. A knowledge-based controller. 

As mentioned above, KB control contains two different operation modes, tuning and 

adap ation. The first stage of the tuning phase is an interrogation phase where the user may 

supply his prior process knowledge and the closed loop specifications. After the interrogation 

the controller performs different tuning experiments which return information about the process 

dynamics. This information is used to design a suitable controller. The changes may be small 

parameter adjustments or a completely new controller design. Both parameter adaptation and 

performance adaptation are conceivable [18]. 

1.4.2.1 General Comments on Expert Control Approach 

This approach, on face value, appears quite attractive. However, a critical analysis of 

this :echnique reveals a few problems. The first problem concerns what process knowledge 

must be known apriori in order to automatically tune the parameters and supervise a controller. 

The second concern comes from how the knowledge should be obtained, that is, the nature of 
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the tuning procedures needed. Usually, the knowledge acquisition process 

constant interaction with a human expert in the area. This has been a matter of 

field of expert systems. This approach assumes that some kind of prior process 

always available, which may be in the form of either a control problem (t 

temperature loop or a flow loop), qualitative process information (that is, open 1 

stable, highly oscillatory or contains substantial transportation delays), or the gr 

the dynamics of the plant under study. It has always been felt in the paradi 

systems that the system can be made more knowledgeable by increasing the num 

else rules. This leads to another problem of searching for an exact solutio 

knowledge-base. Furthermore, the definition of an expert controller is vague 

[18]. 

Though the expert control approach has given a different dimension t 

adaptive control, it awaits extensive research to answer some of the above concern 

1.4.3 Neural Networks in Control Systems or Neural Controllers 

A neural network is a system with inputs and outputs and is composed of 

and similar processing elements called neurons. The processing elements have 

internal parameters called weights. Changing the weights of a neuron will alter t 

of the element and, therefore, will also alter the behavior of the whole networ 

weights are adjusted, depending on the task at hand, to improve system perfo 

can be assigned new values in two ways: either determined via some pres 

algorithm (remaining fixed during operation) or adjusted via a learning process. 

accomplished by, first, adjusting the weights step by step (typically to mi 

objective function) and, then, storing these best values as the actual stre 

intercbnnections. The interconnections and their strengths provide memor 

necessary in a learning process [20]. A general neural network structure is shown 

depends on 

ebate in the 

owledge is 

at is, it is a 

op system is 

ss nature of 

m of expert 

er of if-then-

in its huge 

d imprecise 

the field of 

any simple 

a number of 

e behaviour 

[19]. The 

ance. They 

bed off-line 

Learning is 

mize some 

gths of the 

, which is 

in Fig. 1.4. 
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INPUT ARRAY 

CONNENCTIONS 

OUTPUT ARRAY Y1 Y2 Y3 

X1 X2 X3 Xn 

Fig. 1.4. A general neural network structure. 

One of the first abstract models of a neuron was introduced in 1943 by 

Pitts. In 1949 Hebb proposed that the connectivity of the brain is continually c 

organism learns. In 1958, Rosenblatt introduced a new theory that an McCull 

network with adjustable weights can be trained to classify certain sets of patte 

these networks perceptrons [21]. Interest in neural networks has made a co 

decade after a period of relative inactivity following the shortcomings of early ne 

As mentioned in the preceding sections, the need to control complex s 

significant uncertainty has led to a reevalution of the conventional control 

evolution in the control area has been fueled by two major fields: the need 

increasingly complex systems and the need to accomplish increasing dema 

requirements with less precise advanced knowledge of the plant and its enviro 

the need to control under increased uncertainty [21]. This has made the 
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IDDEN LAYEF 

0 TPUT LAYER 

cCulloh and 

anging as an 

h-Pitts (MP) 

s. He called 

eback in this 

networks. 

stems under 
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ding design 
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techniques in control quite apparent. The use of neural networks in control systems can b 

seer as a natural step in the evolution of control methodology to meet new challenges. 

1.4.3.1 General Comments on Neural Controllers 

A neural controller, in general, performs a specific form of adaptive control, with the 

controller taking the forms of a non-linear multilayer network and the adapts le parameters 

being the strengths of the interconnections between the neurons. Neural net rks represent 

massively parallel distributed processing capability, which makes them a strop candidate for 

use in multi-variable control systems. However, the following have been the oncems in the 

neural network paradigm: 

- Thorough understanding of biological neurons is essential so that artificial neural 

network based on the exact functioning of neurons could give results we achieve with 

our own brains everyday. 

- The state-of-the-art in learning methodology is that the artificial neural network has a 

learning phase that makes all the connections and is entirely separ ted from the 

performing phase, which uses the connections but does not change the 

course, combines learning with functioning. It does both at the same tim 

- In an artificial neural network, the learning algorithm sets the weig is by running 

through a massive database of information on the problem under onsideration. 

However, learning algorithms, at present, are not very powerful [24]; for one thing, 

most learning algorithms are done in the batch mode. Furthermore, the . ificial neural 

networks require huge amounts of information compared to what pe•ple require to 

learn to perform the same tasks. 

- The two prominent neural network models being used at present are th feed-forward 

network, and the feedback network. The relationship between the neural network 

architecture and generalization is yet to be determined to know what m • • el would be 

good for solving what problems. 

. Biology, of 
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- Nearly all applications of neural networks are running as software applications on 

conventional digital computers. They run rather slowly. The computati • n time can be 

reduced when the neural networks are implemented in hardware. 

A lot of research is being done in the development of neural networ architecture, 

modification of learning algorithms, and the implementation of neural networks in chips using 

VLSI technology. 

1.4.4 Inverse-Dynamics Approach 

The identify-then-control approach in a conventional adaptive control, t 

of prior knowledge about the process to be controlled in an expert or a kn 

control, and the learn-then-control strategy in a neural controller have lead t 

inverse-dynamics approach where learning and controlling may be performed to 

Kowato et al [25] proposed a learning scheme using an inverse-dynami 

schematically shown in Fig. 1.5. 

X i ( t ) INVERSE -
DYNAMICS 

MODEL 
A 

ERROR 

X(t) 

CONTROLLED 

OBJECT 

e requirementl 

wledge based 

the use of an 

ether. 

s approach as 

Y( ) 

Fig. 1.5. A learning scheme using inverse-dynamics modal. 

In this scheme, the controlled object (plant) receives the input x(t) and has the output 

y(t) The inverse-dynamics model is set in the opposite input-output directio to that of the 



15 

plant; that is, it receives y(t) as its input and has the output xi(t). The error signal, given as the 

difference between x(t) and xi(t), is minimized. 

The scheme shown in Fig. 1.5 is only a learning system, and not a learning control 

system for the reason that the inverse-dynamics model is not involved in the process of driving 

the plant towards the desired response. It is assumed here that the plant gives a satisfactory 

response for a given input. 

Kung and Hwang [27] proposed a modification in the above scheme by cascading the 

inverse-dynamics model with the controlled object. This scheme is shown in Fig. 1.6. 

DESIRED 

SIGNAL 

INVERSE -
DYNAMICS 

MODEL — 

CONTROLLED 
OBJECT 

RESPONSE 

Fig. 1.6. A generalized learning scheme. 

They have neither discussed the development of the inverse-dynamics model, nor the 

mechanism used in modifying the parameters of the plant, and in turn the parameters of the 

inverse-dynamics model. Furthermore, they have not explained the purpose of changing the 

parameters of the controlled object, and those of the inverse-dynamics model. It has been 

proposed in this thesis that a simple and better scheme for using an inverse-dynamics approach 

is possible. 

The task of obtaining an inverse-dynamics model of a plant under study is not difficult 

if the plant dynamics are known a priori. However, for this approach to be applied to an 
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unknown plant, it is essential to introduce an adaptive and learning scheme. This scheme has 

to keep track of the varying and unknown dynamics and, accordingly, has to modify the 

parameters of the controller in order to make the plant give a desired response. To the 

knowledge of the author, there is no systematic development of the inverse-dynamics concepts 

and the necessary algorithm in the literature. It was therefore felt that a systematic development 

of this approach with an adaptive and learning algorithm is necessary. The main objectives of 

this thesis are to develop a clear concept of the inverse-dynamics scheme, and to derive the 

necessary algorithm which enables the above scheme to be an adaptive and learning system. 

The specific objectives of this thesis are outlined in detail in the next section. 

1.5 Objectives of the Thesis 

Insufficient a priori information necessitates a certain combination of plant identification 

and control. It may not be possible to control a plant in an optimal fashion without knowing its 

dynamics, but it is possible to study a plant by controlling it. The later technique helps in 

controlling the plant, and at the same time in learning about the plant dynamics. In this 

situation the control actions have a dual character [15]. They serve as tools for learning about 

system dynamics, and also as the tools for steering the system (plant) to a desired state. Such a 

dual control has capabilities of adapting to parameter variations and learning the system 

dynamics. Learning is identified with adaptation in this case. 

The need for an adaptive control system occurs when the parameters involved in the 

design of the system change with time. One of the original considerations in feedback system 

design was the reduction of the sensitivity of the overall system characteristic to small changes 

in component characteristics [26]. The more recent adaptive point of view of designing control 

system is a broader concept. Allowance is made for wider variation in the parameter values. 

In addition, changes in the characteristics of the signals and the disturbances can be considered 

in the complete synthesis of the control system. The adaptive point of view also means that a 
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control system can be designed with less a priori knowledge of the plant than is required in a 

conventional technique. 

In the area of adaptive systems, designers distinguish between designs which adjust for 

time variations in plant parameters, those which adjust for variations in input signal 

characteristics, and those which adjust to minimize the effects of changing disturbance 

characteristics. Thus, the terms plant adaptive, signal-adaptive, and disturbance adaptive are 

used. 

But in a practical situation, it is essential that all the above be unified into one design so 

that the system is adaptive to plant-variations, signal-variations and to perturbations. It is 

possible to achieve this unified design should the controller have the capability of learning and 

adaptation. 

It is with this objective that this study of an inverse-dynamics adaptive control 

technique was taken up. This technique involves making the controller an inverse-dynamics 

model of the plant under consideration. From the concepts introduced in Section 1.3, the 

problem of learning may be viewed as the problem of estimation of the unknown quantities of 

functional which represent the plant under study. The unknown quantities to be estimated or 

learned by the controller may describe the dynamics of the plant. As the controller obtains 

more information about the unknown dynamics of the plant, controller dynamics will be 

updated to improve the plant's performance. At each learning trial, the plant is directed to a 

desired performance. Once the plant attains the desired response, its dynamics may be 

obtained by studying the controller dynamics. 

One of the main objectives of the thesis is to develop an algorithm with which the 

controller can estimate the plant parameters during the process of driving it toward a desired 

response. In other words, the functioning of the algorithm is to make the controller an inverse-

dynamics model of the plant. 

The goal of this thesis is in developing a controller that performs the followin 

functions: 
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(1) satisfactorily controls arbitrary processes which are exposed to various 

disturbances; 

(2) requires a minimum amount of prior process knowledge; 

(3) successively increases its knowledge of the process and accordingly improves the 

control; 

(4) performs diagnosis of the plant parameter variations. 

An effort is made in this thesis to fill the void, at least partially, left by other techniques 

discussed in the preceding sections. The author, however, does not claim that this research 

work alone will result in completely autonomous machines which can emulate biological 

learning and adapting features. If the principles developed in this thesis are extended such 

autonomous machines may be somewhat more possible. 

1.6 Organization of the Thesis 

With the objectives of the thesis stated above, Chapter 2 is devoted to explaining the 

principles of the inverse-dynamics approach. In sequel to this explanation, the adaptation 

algorithm, necessary for making the controller an inverse-dynamics model of the plant is 

developed. The adaptation algorithm is developed for a first-order system followed by a 

treatment for a second-order system. This chapter also presents a generalized structure for 

implementing inverse-dynamics principles to a higher-order system. 

Using the algorithm developed in Chapter 2, the results of simulation studies performed 

for a first order system are presented in Chapter 3. The results are shown in different phases, 

where the plant is subjected to both internal and external disturbances, and the plant parameters 

are varied over a wide range. This chapter also presents results when the plant is excited by 

arbitrary input signals. 

Chapter 4 details the results of the simulation studies conducted for a second-order 

plant. The various plant situations, as explained above, for Chapter 3, are also considered in 

this chapter. 
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The 

The re 

was p 

summary of the work, with recommendations for future work is given in Chapter 5. 

search reported in this thesis has evolved from the initial work of Dr.M.M.Gupta which 

rtially reported at the American Automatic Control Conference in June, 1989 [33]. 



2. Principles of Inverse-Dynamics Adaptive Control 

2.1 ntroduction 

In the design of a control system, it is always desirable that the response of the plant 

folio s the reference input signal as closely as possible. Under this requirement, it is the 

contr•ller's function to provide the plant with the appropriate control signals so that the plant's 

respo se is satisfactory. Constraints in the design of the controller can be reduced if the 

dyn cs of the process under control are known apriori. As discussed in Chapter 1, the need 

arises for the design of an adaptive controller with learning capabilities when apriori knowledge 

of the plant under study is not available. Control system designers face a difficult task in 

desig ing controllers for plants whose dynamics are not known in advance. In this chapter the 

princi les of an Inverse-Dynamics Adaptive Controller (IDAC) which can track and identify the 

dyna cs of a linear time-invariant system, are discussed. 

2.2 'rinciples of an Inverse-Dynamics Adaptive Controller (IDAC) 

Before the theoretical principles of an IDAC are developed, the principles associated 

with t e conventional feedback control system with high loop gain are first examined. 

A general closed loop system with unity feedback is shown in Fig. 2.1. 

X(s) 
K G (s) 

P 

Y(s) 

Fig. 2.1. A schematic of a conventional closed loop system. 

20 
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The variables in the above figure are defined as follows: 

X(s) is the reference input signal, 

Y(s) is the output signal, 

G (s) is the plant transfer function, 

K is the forward path gain, and 

s is the Laplace variable. 

The transfer function of the feedback system is given by the relation: 

Y(s) KG (s) 

X(s) 1 + KGp(s) 

or, equivalently, in the frequency domain 

Yaw) KGp(jw) 

X(jw) — 1 + KGp(jw) • 

By making the gain very high, the input-output relationship in Eqn. 2.2. can be made 

approximately equal to unity. That is, in the frequency range where KGp(jw) >> 1, Eqn. 2.2 

(2.1) 

is reduced to 
Yaw) KG (jw) 

X(jw) = KGp(jw) ' 

or 

Yaw) = X(jw). 

That is, in this frequency range, the output will follow the input faithfully. 

For example, for a plant with 

1 
Gp(s) — 1 + s

the closed-loop frequency response is given by 

(2.2) 

(2.3) 
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(  K 
" w) 1+jco' 

• X(jw) —  K1+ (1 + Jo))

The magnitude of the response is 

I Yaw) I 
— K 

X(jw) _ i 
•Nj (1 + K)2 + w2

A magnitude plot is shown in Fig. 2.2. 

Y(jw) 

X(jw) 
A 

.707 

System bandwidth I 
I 

I
WB 

Frequency, W 

Fig. 2.2. A closed-loop frequency response characteristic. 

(2.4) 

From Fig. 2.2, it is observed that the output of the plant can be made to follow the 

input n the frequency range 0 5.w wB, where wB = (1 + K) is the system bandwidth. 

Thus, by selecting a large gain K, the bandwidth of the system can be increased, and the plant 

response can be made to follow the reference input over this bandwidth. 

This high-gain approach, however, can easily lead to instability due to plant uncertainty 

at high. frequencies. For example, due to neglected system dynamics, or structured variations, 

the high gain may shift the closed-loop poles into the neighbourhood of the jw- axis, thus 

making the damping very small or even negative. Therefore, high loop gain in a control 

system is not a desirable solution. 
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In order to meet the objective of making the plant follow the input stably, a different 

approach can be considered. In this approach, the mathematical details will be given for 

discrete systems only and, hence, in the z-transform domain. Time-invariant plants will be 

consicered first. 

Consider a cascade system shown in Fig. 2.3. 

X(z) Controller 
W(z) 

UCz) Plant 
G (z) 

Y(z) 

Fig. 2.3. Controller in cascade with the plant. 

In this figure, the following variables are defined: 

z represents the z-domain approach, where 1 1 is the unit delay, 

W(z) is the controller transfer function, 

G (z) is the plant transfer function, 

X(z) is the reference input signal, 

Y(z) is the plant output signal, and 

U(z) is the controller output. 

The input-output relationship for this system is given by 

Y(z) = W(z) Gp(z) X(z). (2.5) 

Consider now a situation of known plant dynamics G (z). If the controller dynamics 

function W(z) is made to be the inverse of that of the plant; that is, 

W(z) = G
-1

(z), then 

the plant output Y(z) can be made to follow the reference input X(z); that is, 

Y(z) = X(z). 
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This is achieved through the cancellation of poles and zeros as illustrated in Fig. 2.4. 

I . A lm' 
Z - Domain 

of the 

Fig. 2 

Thus, 

d I BI Re. al bI or  Re. 

Plant Controller 

Fig. 2.4a Fig. 2.4b 

Fig. 2.4. Principle of inverse-dynamics control. 

If by some scheme a zero is introduced in the controller dynamics,W(z), at the location 

plant pole, a pole at the plant zero, and gain Kc is made equal to 1/Kp as illustrated in 

4b, the controller will have a transfer function which is the inverse of that of the plant. 

the controller is said to be an inverse-dynamics model of the plant. 

As a sequel to the above explanation, consider a plant with the transfer function 

[Z 131] 
G (z) — K   (2.6) 

P P[z + a, i ] 

with a pole at z = -a1, a zero at z = -131, and a gain of Kp. 

In order for the plant to track the input, the controller has to be an inverse model of the 

plant; that is, 

where 

[z + a l] 
W(z)= Kc[z + b1] ' 

bi = pi, 
al = a l, and 

Kc = 1/Kp. 

(2.7) 
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Therefore, 

Y(z) = G
-1

(z) GP (z) X(z) 

= X(z). 

The concept of an inverse-dynamics controller, as introduced above, is a simple notion, 

and seems to have potential for use over a wide frequency range for a variety of plants. 

However, the realization of the inverse-dynamics controller (0(z) = G 1 (z) is not an easy task, 

especially when the plant Gp(z) is unknown, and when its parameters (gain, poles and zeros) 

are subjected to uncertainties due to varying environmental conditions. 

To circumvent the problem of unknown plant dynamics which may be varying in an 

uncertain manner, an adaptive and learning scheme will be introduced. This scheme will keep 

track of the varying and unknown dynamics of the plant and, accordingly, will adjust the 

parameters of the controller in order to reduce the input-output errors. 

Thus, in the following section, the notion of an inverse-dynamics adaptive controller 

(IDAC) is introduced for a class of linear unknown systems. The notion of IDAC can be 

extended to a wider class of control problems. 

2.3 Theory of an Inverse-Dynamics Adaptive Controller 

As explained in the previous section, the response of the plant can be made equal to the 

input by cascading a controller having the inverse-dynamics model of that of the plant with the 

plant. The equivalency of the input and output is a convenient condition to test and assure that 

the controller is the inverse of the plant. For an unknown plant, whose dynamics may perhaps 

be changing, a controller with inverse-dynamics may be realized through a proper learning and 

adaptation scheme. A block diagram for realizing the inverse-dynamics through an adaptive 

scheme is shown in Fig. 2.5. 
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Fig. 2.5. Principle of an inverse-dynamics adaptive controller (IDAC). 

The goal of the adaptive scheme is to make the output of the plant, Y(z), follow the 

input signal, X(z). The assumption made at this point is that the order of the controller 

dynamics w(z) is equal to or greater than that of the plant dynamics Gp(z). The IDAC, with 

arbitrary initial values of the poles and zeros, is cascaded with the plant under study. A 

controller provides the plant with an appropriate control signal based upon the deviation of the 

plant response from the desired signal, that is, the reference input signal. 

Initially, the plant response may deviate greatly from the desired signal creating large 

error. The position of the poles and zeros of the IDAC are adjusted based upon some 

adaptation algorithm. As the adjustment of the poles and zeros of the controller continues, the 

IDAC learns about the plant dynamics, and also reduces the error between the desired and the 

actual responses. Once the error signal falls within some prespecified limits, the dynamics of 

the plant can be realized by studying the pole and zero locations of the adapted values of W(z). 

During the process of learning and adaptation, should the plant dynamics change, the 

IDAC adapts to the changing dynamics of the plant until the errors are reduced to some 

specified limits. 
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From Fig. 2.5 the following equations can be written: 

Y(z) = U(z) Gp(z) 

= W(z) X(z) Gp(z), (2.8) 

where U(z) is the output of the controller and the control signal to the plant. 

The error signal is defined as 

E(z) = X(z) - Y(z) 

= X(z) - W(z) X(z) Gp(z) 

= X(z) [1 -W(z) Gp(z)]. (2.9) 

By some adaptation mechanism, if the transfer function of the controller,W(z), is made 

to be the inverse of that of the plant; that is, 

W(z) = G
-1

(z), then 

E(z) = X(z) [1 - G
-1

(z) Gp(z)] 
P

= 0. (2.10) 

This is the basic principle of the IDAC, and in the following section an algorithm for 

parameter (gain, poles and zeros) adaptation will be developed. 

2.4 Steepest-Descent Adaptation Algorithm 

The adaptive scheme changes the parameters of the controller so as to reduce some 

meanie of the error function, where the error is defined as the difference between the desired 

input signal, X(z), and the plant response, Y(z). The measure of the error is usually taken as 

the time summation of some even function of the error, such as, 

1 N 2 
J(e) = -s l-  e (n), 

n =1 
(2.11) 

where J(e) is an even function of the error, e(n). 

For the case where W(z) is exactly inverse of Gp(z), the error and, hence, the error 

measure can be made equal to zero. In practice, however, this may not be possible and a 
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desirable situation would be to minimize the error measure J(e). If the characteristics of the 

input signal change as the plant dynamics change, the adaptation loop should readjust the 

controller parameters until the error measure is minimized. 

The controller is said to have become the inverse-dynamics model of the plant when the 

parameters of the controller are adjusted so that the error function is minimized. This error 

function, when plotted against one of the adjustable parameters of the controller, may appear as 

shown in Fig. 2.6 [28]. 

Error 
Function 

J(e) 

J min. 

bopt. 
b(n+1) 

b(n) 

Adjustable Parameter, b 

Fig. 2.6. Gradient descent on one dimensional projection of error function J(e). 

There are several ways of implementing minimization techniques [32]. For the 

purposes of this work, one of the common techniques, called steepest-descent (gradient), was 

arbitrarily selected in order to evaluate the inverse-dynamics controller. Implementation details 

for this technique are described below. 

Referring to the above Fig. it may be seen that the performance function J(e) has a 

minimum at b(n) = bopt (n). Using, the gradient descent method described below, the 

adjustable parameter, b(n), of the controller is adjusted iteratively. The optimum value of b(n) 

can be obtained by evaluating the first-order change in the error function with the 

corresponding change in the adjustable parameter b. Suppose that the slope dJ/db is positive. 
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Increasing b, therefore, will make J increase. The purpose, however, is to decrease the error 

function which can be accomplished by moving in the negative direction of b. This algorithm 

can be reduced to an equation of the form: 

where 

b(n + 1) = b(n) - µ dJI b(n),

b(n + 1) is the next parameter estimate, 

b(n) is the present parameter value, and 

11 is an adaptive gain (or bounded step size). 

(2.12) 

The rate of convergence and stability will depend upon the adaptive gain µ . In this 

thesis, the adaptive gain is chosen heuristically without formally addressing the problems of 

stability and convergence. This may result in more iterations being required for convergence 

than in an optimized case. 

dJ  
db is negative, b(n) is increased. Reference to Fig. 2.6 shows that the repeated application of 

Thus, whenever, the slope dJ / db is positive, b(n) is decreased to yield b(n + 1), and if 

this rule will cause b(n) to move, reducing the error function curve. The value of b(n) will 

come to rest at the minimum point of the error function. This is the intended behaviour, and at 

the minimum of the error function, b(n) corresponds to the optimum estimate bops' 

This derivative-based search can be extended for a number of parameters or a multi-

dimensional space by using the gradient function, which is the vector of first derivatives of the 

error function J(e) with respect to the adjustable parameters, gain, poles and zeros, of the 

controller. 

Consider a case of a multiparameter system and, therefore, a multiparameter controller 

with m - adjustable parameters, 

b = [b1, b2, 



30 

The adaptive rule for adjusting the parameter vector b can be written as 

b(n + 1) = b(n) - µ Vb J(e) I b b(n)' n 0. (2.13) 

For each estimate b(n), the gradient Vb J(e) is computed, and a small step proportional 

to that gradient is taken, leading to a reduction in the error function J(e). Continuation of this 

rule re uces J(e) until it attains its minimum value. 

The gradient of the error function with respect to the vector b can be evaluated by 

comp ing the gradient of the instantaneous squared error; that is, 

g(n) = Vb[e2(n)] 

= 2e(n) Vb[e(n)] 

= 2e(n) Vb[X(n) - Y(n)] 

= 2e(n) Vb[X(n) - f(b(n), X(n))] 

= -2e(n) f(X(n)). (2.14) 

where 

g(n) is the instantaneous gradient, 

X(n) is the input signal, and 

Y(n) is the output signal. 

If the e gradient in Eqn. (2.13) is replaced with g(n), the result is the least mean square 

(LMS algorithm popularized by Widrow [28], or the stochastic gradient algorithm [29]. 

Equation (2.13) can be modified to: 

b(n + 1) = b(n) - µ g(n) 

= b(n) + µ e(n) f(X(n)), n 0, (2.15) 

where µ is a small positive constant representing the adaptive gain. Equation (2.15) shows that 

to upd to the value of the adjustable parameters of the controller, a correction term equal to the 

scalar .roduct of µ, the error and the input function is added to the old estimate. The adaptive 

gain µ controls the size of the correction term through the process of iteration. The significant 
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featur - of the steepest descent algorithm is that the gradient vector and, therefore, the 

correci on, may be computed without the knowledge of the error performance function [29]. 

Based upon the steepest-descent algorithm, the next goal is to derive an adaptation 

algori hm so that the IDAC can learn and control the plant under consideration. 

2.5 tructure of IDAC with Adaptation Algorithm 

In the steepest-descent technique, as explained in the previous section, a correction term 

based •n the error signal e(n) and the input function is computed and added to the old estimate 

of the adjustable parameter in order to evaluate its new estimate. This loop continues until the 

error unction is reduced to its minimum value, and at that point the optimum value of the 

adjus ble parameter is achieved. 

2.5.1 First-order Plant 

In order to deduce the adaptation algorithm for the parameters of the controller,a first-

order plant will now be considered with one pole and one zero, and with the dynamics 

descri • d by the following relation: 

[z + Pl] 
Gp(z) = 

[z + a 1 ] 
(2.16) 

The objective now is to obtain the inverse-dynamics adaptive control (IDAC) structure 
[z + a1] 

of the form Kc [z + b1]' with an adaptation algorithm so that the zero of the controller tracks 

the p • le of the plant, the pole of the controller tracks the zero of the plant, and the controller 

gain l tracks inversely the gain Kp of the plant. 

The important assumption is that the plant dynamics are not known apriori to the 

contra ller. 



32 

An IDAC structure of the form shown in Fig. 2.7 will now be considered. 

X ( z ) 

In thi 

1 

- 

-40 

Fig. 2.7. IDAC structure. 

IDAC structure, the control signal U(z) is given by: 
z + a l

U(z) = K_c ( z + bl ) X(z). 

Thus, the corresponding transfer function for the controller is: 

z + aU(z)  
W(z) X(z) — K_ ( z 

b 1 ). 

U(z ) 

(2.17) 

(2.18) 

In order to derive the adaptation algorithm, the control structure shown in Fig. 2.7 is 

cascaded with the plant of dynamics G (z). This scheme is depicted in Fig. 2.8. 

+ — 

Fig. 2.8. IDAC in cascade with the plant. 
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Here the plant is assumed to be a first order linear, time-invariant system with one pole 

and one zero as given in Eqn. (2.16). 

From Fig. 2.8, the input-output relation of the control system without adaptation can be 

written as: 

Y(z) = X(z) W(z) Gp(z). 

The error signal is: 

(2.19) 

E(z) = X(z) - Y(z) 

= X(z) - X(z) W(z) Gp(z) 

= X(z) [1 - W(z) Gp(z)]. (2.20) 

Defining an error performance function J(e), as a summation function of E(z); that is, 

J(e) = E2(z) 

)cE X2(z) [1 - W(z) Gp(z)12. (2.21) 

The objective is to develop an adaptive control algorithm which can adjust the control 

parameters Kc, al and b1 such that the controller dynamics W(z) are the inverse of the plant 

dynamics Gp(z). Whenever, W(z) = G
-1 

(z), the error and, hence, the error function J(e) 

become zero. The parameter adaptive algorithm developed in this study is based upon the 

following equation: 

b(n + 1) = b(n) + Ab(n), (2.22) 

where b is the parameter vector of the controller: 

b = [al, b1, Kc] r, (2.23) 

and AB(n) is the adjustment in the parameter based upon the measured signals at the instant n. 

For the adjustment in the parameter vector Ab(n), the steepest descent method is used on the 

error function J(e). This algorithm leads to zero adjustment whenever the slope of J(e) with 

respect to the parameter vector b is zero. Thus, the steepest-descent method, gives: 

KAb(n) a - 
8

b
) , 
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or 

Ab(n) — - µ"(e)
8 b 

(2.24) 

where p. is a matrix of adaptive gains. In the following development, the summation in J(e) 

will be considered. 

The adaptive algorithm will be considered for each parameter of the vector 

b = [a l, b1, Kc]T of the controller shown in Fig. 2.7. 

The partial derivative of Eqn. (2.21) with respect to the adjustable parameter al of the 

IDAC s: 
SJ(e) 

Sa l

S 
Sa l 

W
= 2 X2(z) [1 - W(z) G (z)] ( ) G (z). 

P 

-8

8a1 

(z) 
P 

(X2(z) [1 - W(z) Gp(z)12 ) 

Rearranging the above equation gives: 

SJ(e) SW(z) 
— - 2 G (z) {X(z) [1 - W(z) G (z)]) x(z) . 

Sa l Sa l 

Using Eqn. (2.20), the error is E(z) = X(z) [1 - W(z) Gp(z)1, 

and, therefore, 

SJ(e) SW(z) 
— - 2 G (z) E(z) X(z)). 

Sa l Sa l 

Now, the parameter state signal Sai(z) is defined for the parameter al as: 

S, (z) — [ 
8W(z) X(z)].

"1 8a 1 

Substituting Eqn. (2.18) into (2.27) gives: 

S Ke(z + al) 
S„ (z) — [ ] X(z) 
"1 8a1 (z + b1) 

(2.25) 

(2.26) 

(2.27) 
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Kc
— ( z + b l 

) X(z). (2.28) 

Using Eqns. (2.15), and (2.25) through (2.28), results in a correction factor for the 

param ter al in time-domain as, 

Aai(n) = * al e(n) Sai(n), (2.29) 

where 
µal is the adaptive factor and includes the effect of the plant dynamics Gp(z). 

Therefore, the adaptation rule for the controller parameter al of the IDAC is: 

al (n + 1) = al(n) + Dal (n), 

where 

(2.30) 

ai(n + 1) is the new estimate of al, 

ai(n) is the present value of al, and 

Aai (n) is the correction factor for al. 

Similarly, the adaptive algorithm can be developed for the adjustments in the parameters 

b an• K • 1 c• 
Abi (n) = -ilk1 

" 
e(n) Sk 1(n), (2.31) 

' 

and 
Alyn) = -µKc e(n) SKc(n), (2.32) 

where 
W 

S S(z) — [ X(z)1 
ob

(z) 
l 

-1(c(z + ai) 
—  

(z + 
b1)2  X(z)

1 
= -U(z) ( ) z + b1 ' 

where 

(2.33) 
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(z + a l ) 
U(z) = Kc ( z + b 1) X(z). 

and 

W
SK (z) — X(z) 

c 

Ss

SK c 
(z) 

z + a 1
— ( z + b1 ) X(z). (2.34) 

From the above derivations, the adaptation algorithm for the parameters of the MAC 

can be summarized as: 

(i) For the parameter al, 

ai(n + 1) = a1(n) + Aai(n), 

where Aai(n) is given by Eqn. (2.29); 

(ii) For the parameter b1, 

bi(n + 1) = b1(n) + Abi(n), 

where Abi(n) is given by Eqn. (2.31), 

and, 

(iii) For the parameter Kc, 

Kc(n + 1) = Kc(n) + AKc(n), 

where AKc(n) is given by Eqn. (2.32). 

The implementation diagram of the above algorithms is depicted in Fig. 2.9. 

(2.35) 

(2.36) 
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2.10. 

Kc

I DAC 

al (z)

 >
S

Kc
(z) 

S (z) 
bl 

Fig. 2.9. Implementation diagram for obtaining the parameter state S(z) for the adaptive 

parameter vector b = [al, b1, Kc]T. 

Implementation of the parameter states S(z) for the parameter vector b is shown in Fig. 

  E(z)

= (n)

= K c

= b1 (n) Adaptation 

Algorithr 

So, 1(z) S (z) 
K c

1 

z+b1 

L 

I DAC 

- 

I U(z) 
Plant 

Y z> 

Fig. 2.10. Implementation diagram of the adaptive algorithm for IDAC. 
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2.5.2 

order 

plane. 

dynan 

Second-Order Plant 

As a sequel to the above deduction of the IDAC structure and its algorithm for a first-

lant, the system for a second-order plant shall now be derived. 

A general second-order plant dynamics is given by: 

2 
Gp(z) = K„ [z + P1 z 0.2] 

P [e -  +al z+a 2] 
(2.37) 

The plant dynamics have two zeros and two poles, which may lie anywhere in the z-

Assume again that, for the purpose of designing the IDAC algorithm, the plant 

ics are unknown. 

For the second-order plant, a second-order structure of the controller with dynamics 

W(z) is given by: 

or, 

[z2 + al z a2] U(z) K  
Wkz)=x(z) c [z2 + b z + b2] 

[z2 + a l z + a] 
U(z) = K   X(z). 

c [z2 + b1 z + b2] 

(2.38) 

(2.39) 

The structure of the controller with dynamics W(z) is shown in Fig. 2.11. 

X(z) 

- b
2 

Fig. 2.11. Second-order IDAC structure. 

U(Z) 
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The adaptive algorithm for changing the parameter vector b = [a l, a2, Kc, b1, b2]T of 

the controller may be obtained in a way similar to that for the first-order structure. Thus, the 

algorithm may be summarized as follows: 

1. For the parameter al: 

The parameter state signal S (z) may be defined as al

S (z) — 
SS 

(z)
 X(z) 

al Sal 

= [  X(z). 
Z." + b 1 z + b 2 

The correction term for the parameter al in the time-domain is: 

nAai(n) = a1  e(n) Sal( ), 

and the adaptation rule for al is: 

ai (n + 1) = al(n) + Aai (n). 

2) For the parameter a2: 

The parameter signal Sa2(z) is: 

S (z) — 
8W (z) X(z)

a2 8a2 

(2.40a) 

(2.40b) 

(2.40c) 

= K 2 1 , [ X(z). (2.41a) 
z +bi z+b 2

The correction term is: 

Aa2(n) = .2 e(n) S,, (n), 

and the adaptation rule for a2 is: 

a2(n + 1) = a2(n) + Aa2(n). 

3. For he parameter Kc: 

The parameter state signal SK (z) is: 

(2.41b) 

(2.42c) 
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and th 

4. For 

and th 

4. For 

SK (z) — 
SW(z) 

X(z) 
c i3Kc 

[z2 + a l z + a2] 
  X(z). 
[z2 + b i z + b2] 

The correction term is: 

AKc(n) = ,"-µK \,e(n) Sy (n), 
c 'c 

adaptation rule is: 

Kc(n + 1) = Kc(n) + AKc(n). 

the parameter b1: 

The parameter state signal Si_ (z) is: 

S (z) — 
8W(z) X(z)

bl bb(z)
-Kc z[z2 + a l z + a2] X(z) 
[z2 + b1 z + b2]2

z 

-[[z2 +b1 z + 
b]]U(z).

The correction term is: 

Ab (n 1 ) 41b1 e(n) Sbi(n)' 

adaptation rule is: 

b1(n + 1) = b1(n) + Abi(n). 

the parameter b2: 

The parameter state signal is: 

Sb (z) — 
8W(z) X(z)

2 Sb 2 

(2.43a) 

(2.43b) 

(2.43c) 

(2.44a) 

(2.44b) 

(2.44c) 
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-Kc [z2 + a1 z + a2] 
— X(z) 

[z` + b1 z + b2]2 

1 
[ [z2 + b1 z + b] 

U(z). 

The correction term is: 

(2.45a) 

Ab2(n) = '2 e(n) '2(n), and (2.45b) 

the corresponding adaptation rule is: 

b2(n + 1) = b2(n) + Ab2(n). (2.45c) 

The implementation diagram for obtaining the parameter signals S(z) for the parameter 

vector b = [al, a2, Ke, b1, b2]T is shown in Fig. 2.12. 

X(z) 

(z) 

Sa (z) 
--> 

--1-

 > S bi(z)
S b (z) 

2

Fig. 2.12. Implementation diagram for obtaining the parameter states S(z). 

(z) 

>  U(z) 
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2.6 A Generalized Structure of IDAC for a Higher Order Plant 

Consider an nth-order linear plant having both poles and zeros. An nth-order pl4nt 

dynamics may be expressed in a generalized form as, 

as, 

Gp(z) = Kp { 

[ z ri ± p 1 z ri - 1 + p 2  zn-2 + ... + 
13n-1 z + Pn] j . [zn + oci zn-i + a2 zn-2 

+ ... + a n-1 z + a n]
(2.46) 

For this nth-order plant, an nth-order IDAC structure of the dynamics may be written 

U(z)  [zn + a l zn-1 + a2 zn-2 + ... + an-1 z +an] 
/ . (2.47) W( z) = X(z) — Kc n-1 n-2 [zn + b1 z + b2 z + ... + bn _ 1 z + bn] 

The IDAC structure of dynamics given by the Eqn. (2.47) is shown in Fig. 2.15. 

X(z) 

---.----I a 

-I- 11-
 I-

>Sa 1(z) 

Sa (z) 
2 

I - b21 

  S a (z) ...__>n 
  > U(z) K (z) 

c 
  S bl z) 

> 

>
S 

b2
(z) 

--ip> 

S bn(z) 

Fig. 2.15. A generalized IDAC structure for an nth-order plant. 
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The general IDAC structure given in Eqn. 2.47, and Fig. 2.15 can be expressed in a 

modular form by having a number of second-order modules of the type shown in Fig. 2.14 in 

cascade. For the IDAC to be in this modular form, the plant dynamics of Eqn. 2.46 needs to 

be represented in a modular form as well by the following type of second-order structure, 

where 

Gp(z) = Kp j j { 
1=1 

[z2 R  1 
F 1 i P 2i  T , , 

[z2 + a l i z + a 20 

= Kp 1-1 Hi (z), 
i=1 

2 n 

Hi(z) — [z2 Pli z P2i 
[z + a z + oc2i] 

(2.48a) 

(2.48b) 

(2.48c) 

In the above equation, Hi(z) represents a second-order module, and the plant Gp(z) is 

a cascade combination of several Hi( •z) modules. For an even nth-order plant, the number of 
+ 1 modules required is (2-n ), while that for an odd nth order plant is (n 2 ), n > 0. 

This arrangement is depicted in Fig. 2.16. 

UCz) 
K p z H(Z 

3 
H$ z  

Y(z) 

Fig. 2.16. Modular representation of the plant dynamics Gp(z). 

For the IDAC to be a modular representation of the general structure shown in Fig. 

2.15, the IDAC dynamics described by Eqn. (2.47) may be represented in the following 

cascade form, 

U(z) n [z2 + a ii z + a2i
  ), = X(z) 

ci=1 [ z2 b li Z b 20 

(2.49a) 
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or 

where 

Hi(z). 

plant 

U(z) n 

W(z) = X(z) — Kc [I Li (z), 
i=1 

r , 2 _i_  _i_ n 1 
L 1.., -1- ca 1 i L, - I -  a2i , 

— •-, ' I1 (z) ° [z` + 11 b • z + b ] 21 

(2.49b) 

(2.49c) 

Each IDAC module Li(z), then, would correspond to the second-order plant module, 

This means that the IDAC module L1(z) would be an inverse-dynamics model of the 

odule 111(z), and so on for all the modules. This modular representation of the IDAC 

structure would be useful from the point of easy implementation of the inverse-dynamics 

adapti e control technique. This modular scheme is shown in Fig. 2.17. 

E(z) 

Adaptation 

Algorithm 

X( z ) 

IDAC 
Module 
Li 

DAC 
Module 
L2 

IDAC 
Module 

Ln 

IDAC 

P l an t 

Modules 

Fig. 2.17. Modular representation of the IDAC in cascade with the plant. 

Y(z) 
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As an example of the above explanation of the modular representation, consider a 

general fourth order plant, with poles and zeros, expressed as two second-order modules 

described by the following equation: 

[z2 Pll z P21] [z2 P12 z + P22] 
G (z) =K { p [z2 + a  211 z + a 21] [z a 12 z a 22]

= Kp Hi (z) H2(z), (2.50a) 

where 
a 

111(z) — 2 
[z2 + Pll z 021} 
[z z a21]

and 

(2.50b) 

2 ra 
[z + P12 z + P22] H2(z) — 2 • (2.50c) 

[z + a l2 z + a 22]

For this plant, an IDAC structure is built consisting of two second-order IDAC 
I 

modules connected in cascade. The dynamics of the IDAC structure may be represented as: 

[z2 + a l 1 z + a21] 
W(z) = Kc [z2 + 1311 z+ b21] 

= Ke L1(z) L2(z), 

where, 
[z2 ± al 1 z a21]L1(z) — 2 
[z +bll z+ b21]

and, 

[z2 a12 z a22] L2(z)— r 2 k • 
Lz 12 z b22" 

The IDAC parameters Kc, a, b, where 

a 4all, a21, a12 a22],

and, 

[z2 a l2 z + a22] 

[z2  k h } 
+ b12 z + '22' 

(2.51a) 

(2.51b) 

(2.51c) 

(2.52a) 
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could 

and, 

where 

where 

b =[b11, b21, b12 , b22], 

ack respectively, the plant parameters Kp, a,13, where 

a  =[a11, a21, a 12 a22],

13 41311' P21' P12 1322]• 

(2.52b) 

(2.53a) 

(2.53b) 

For tracking the plant parameters, the IDAC follows the adaptation rule of the form, 

b(n + 1) = b(n) + Ab(n), (2.54) 

he parameter vector b is, 

b = [a, Kc, b]. 

The correction term in Eqn. (2.54) is calculated based on the relation, 

Ab(n) = e(n) S(n), (2.55) 

µ is an adaptive gain, 

e(n) is the error signal, and 

S(n) is the parameter state signal of the IDAC. 

The parameter state signals are calculated as follows: 

81V(z) (2.56a) 
11 S al 1(z) 

— 
Sa 

X(z) = L2(z) X(z), z2 
b ll z b2 1 

S (z) = 
81V(z) X(z) = 

Kc [ ] L2(z) X(z), (2.56b) 
a21 8a21 2  b 1 ll z b2 1

SW(z) 
S (z) = 

11 Sbii 
X(z) 

r 2 
z iz a ll z a21 = - Kc 2 L2(z) X(z) 

Lz b l 1 z b21Y-
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Li (z) L2(z) X(z) = - Kr, 2 
z 

- [z + b ll z + b21]

where 

= -U(z) [  
z4'1 + 1)11 z + b2 1 ]' 

he control signal U(z) = Ke Li (z) L2(z). 

8W(z) 
(z) - X(z) 

21 8b21

1 
l. 

z 

. -U(z) [ z2 + b 1 1 z + b2 1 

(z) - 
8W(z) X(z)

c SK(z)

= Li (z) L2(z). 

SW(z) 
(z) — X(z) 

al2 8a12

= Ke Ll (z)[ ] X(z). 
' z`

1 
+ b 

z 

12 z + b2 1 

(z) - X(z) 
a22 8a 

8W(z) 
22 

= Kc L1 (z)[ 1 (z)[ ] X(z). 
' z` +b12 z + b2 2 

b12(z) - 51) 

8W(z) 
X(z) 

12 
z = -U(z) [ 2  ]. 

z + b12 z + "22 

(2.56c) 

(2.56d) 

(2.56e) 

(2.56f) 

(2.56g) 

(2.56h) 
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S (z) — 
b22 81)22 X(z)

SW(z) 

= -U(z) [ 
2 

z 

z  + b12 z + b2 2 
]. (2.56i) 

For the purpose of easy representation of the above state signals in a diagram, the 
parameter state signals of L1(z) and L2(z) modules shall be combined into ST (z) and ST (Z) 

1-'1 '2 

respecdvely, that is, 

SI-'1( z) 
= [Sall( z), Sa21 

" 
(z),Sh 11 (z), Sa21 (z)1, 

and 

(2.57a) 

ST (Z) -----[S (Z), S (Z),Sk (z), S (z)]. 
'2 a12 a22 '12 a 22 (2.57b) 

The control system along with the adaptation scheme is shown in Fig. 2.18. 
+ 

E<z) 

ADAPTATION ALGORITHM 

S 
L

C
1
z) Z

S (z) 
L 2 

S (z) 
K C 

X(z) > 
1(z) <z) 

r-

IDAC 

U<z) 
> K H (z) 

1 
H2 (z) 

PLANT 

Fig. 2.18. Modular representation of the fourth-order system. 

 > 
YCz) 

2.7 Summary 

This chapter started with a discussion of the approach of using high-loop gain in a 

conventional feedback control system, and the limitation of this approach in obtaining the 

desired response from the system. The principles of the proposed inverse-dynamics adaptive 

control (IDAC) technique to overcome the limitation of the high-loop gain approach have been 

discussed, followed by the steepest-descent algorithm. The IDAC structure and the adaptation 
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algori based upon the steepest-descent technique for a first-order plant have been presented. 

This i • followed by the deduction of the IDAC structure along with the algorithm for a second-

order lant. Subsequently, the general IDAC structure for an nth-order plant has been 

descri 

techni 

above 

the tec 

ed. 

In brief, this chapter detailed the principles of the inverse-dynamics adaptive control 

ue along with the adaptation algorithm. Computer simulation studies based on the 

ontrol technique with the proposed algorithm are presented in the next chapter to verify 

nique. 



3. First-Order Simulation Studies on IDAC 

3.1 Introduction 

In Chapter 2, the principles of inverse-dynamics adaptive controller (IDAC) and its 

realization along with the adaptation rule were discussed. In this chapter, the computer 

simulation studies for a first-order plant are presented. Results are detailed in the following 

four phases. 

Phase 1: First-Order plant with Stationary Dynamics 

In this phase, a plant with arbitrarily chosen dynamics is considered. The IDAC is then 

cascaded with the plant. The adjustable parameters of the IDAC, the gain, the pole, and the 

zero, are initialized to arbitrary values. The gain is set at 1, the pole and the zero are placed at 

the origin of the unit circle in the z-plane. The response of the system is obtained for an unit 

step signal. 

Phase 2: First-Order Plant with Perturbed Dynamics 

This phase details the results for the same plant discussed in phase 1, but with the plant 

dynamics being perturbed during the process of the adaptation. The results for a case when the 

output of the control system is corrupted by random noise are also shown in this phase. 

Phase 3: First-Order Plant with Different Dynamics 

The IDAC has the capability of tracking the plant parameters, and driving the plant 

towards the desired response irrespective of the pole and zero positions of the plant. In this 

phase are shown the results for different plant dynamics. 

51 



52 

Phase 4: First-Order Plant Response for Arbitrary Input Signals 

The IDAC is trained to be the inverse-dynamics model of the plant as in phase 1. After 

this, tl-e transfer function of the IDAC in cascade with the plant is unity. This implies that the 

plant output follows any given excitation function. The output of the plant for arbitrary input 

signals is presented in this phase. 

3.2 irst-Order System Simulations 

The simulation diagram for the first order system is shown in Fig. 3.1. 

X(z) Y(z) 

I I 

I I I 

/IDAC     PLANT

Fig. 3.1. First-order system with adaptive scheme. 

3.2.1 Phase 1: First-Order Plant with Stationary Dynamics 

The plant is chosen arbitrarily to have a pole at +0.7 and a zero at -0.4 in the unit circle 

of the z-plane. The plant transfer function is then: 

z + 0.4 
G (z) - p z - 0.7 (3.1) 
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The objective of the scheme depicted in Fig. 3.1 is to make the IDAC learn the plant 

dynamics and at the same time to drive the plant to the desired response, in this case, a step 

input signal of unit magnitude. 

The adjustable parameters, al and b1, of the controller are initially placed at the origin 

of the unit circle. Once the complete system is excited with a unit step input signal, the system 

response may deviate largely from the input since the IDAC has not yet converged to be the 

inverse-dynamics model of the plant. As the parameters of the IDAC are modified in the right 

directi n, the actual response of the system moves closer to the desired response making the 

error between them smaller. As the error decreases toward the tolerance limit, the parameters 

of the IDAC converge to that of the plant. This means that the pole of the controller has 

converged to the value of the zero of the plant, and that the zero of the controller has converged 

to the value of the pole of the plant. 

The simulation results shown in Table 3.1 indicate the number of iterations the IDAC 

required for identifying the plant parameters and reducing the error to a tolerance value. Also 

shown are the converged values of the parameters of the 1DAC, and the plant transfer function 

inferred from the IDAC. 
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Table 3.1. Simulation Results 

The plant transfer function is of the form: 

z+ (3 1
G (z) — . 

P z - a 1

The plant parameter values are: 

131 = 0.4, a i= 0.7 

Input Output 

1.0 1.000 

Number of iterations = 53 

The IDAC parameter values are: 

a1= 0.6987, b1= 0.4051 

The IDAC transfer function is: 

z - 
a1 z - 0.6987 

w(z) = — 
z + b1 z + 0.4051 

Therefore, the plant transfer function is: 

z + 0.4051 
Gp(z) - z - 0.6987 

to the 

Figures 3.2a and 3.2b show the convergence of the error and the output of the system 

desired levels respectively. Figure 3.2c depicts the trajectories of the adjustable 
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parame 

parame 

ters, the pole and zero of the IDAC. Figure 3.2d shows the plot of one of the IDAC 

ters, zero, vs. the system output. 
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Fig. 3.2a. Error vs no. of iterations plot. 

11 21 31 41 51 61 

No. of Iterations 

Fig. 3.2b. Output vs. no. of iterations plot. 
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Fig. 3.2c. IDAC pole vs IDAC zero plot. 
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3.2.2 Phase 2: First-Order Plant with Perturbed Dynamics 

During the process of learning and adaptation, the dynamics of the plant, considered in 

phase 1, are perturbed such that the pole and the zero of the plant are given a step disturbance 

of magnitude 0.2 at different instants of time. With this perturbation, the new locations of the 

pole and the zero of the plant are 0.9 and -0.6, respectively. Table 3.2 shows the parameter 

values of the IDAC and the number of iterations that the IDAC has required to identify the new 

dynamics of the plant. 
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Table 3.2. Simulation Results 

The plant transfer function is of the form: 

+ 131G (z) = z . 
P z - a 1

The plant parameter values are: 

f31 = (0.4 + 0.2), a i= (0.7 + 0.2) 

Input Output 

1.0 0.993 

Number of iterations = 194 

The IDAC parameter values are: 

a1= 0.8996, b1= 0.5914 

The IDAC transfer function is: 

z - a, z - 0.8996 1 w(z) = z + b i — z + 0.5914 

Therefore, the plant transfer function is: 

z + 0.5914 G (z) — 
P z - 0.8996 

Figures 3.3a through 3.3d show the error, output and convergence plots for this case. 
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The simulation results are shown in Table 3.3 for a plant whose dynamics are defined 

with a pole at 0.5, and a zero at -0.35. 

Perturbation 

21 41 61 81 101 121 141 161 181 201 
No. of Iterations 

Fig. 3.3a. Error vs no. of iterations plot. 

21 41 61 81 101 121 141 161 181 

No. of Iterations 

Fig. 3.3b. Output vs no. of iterations plot. 

201 
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Fig. 3.3c. IDAC pole vs IDAC zero plot. 
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Fig. 3.3d. IDAC zero vs no. of iterations plot. 
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Table 3.3. Simulation Results 

The plant transfer function is of the form: 

+ 13 1G (z) = z . 
P z - a 1

The plant parameter values are: 

01 = " 5' a l = " 

Input Output 

1.0 0.999 

Number of iterations = 32 

The IDAC parameter values are: 

a1= 0.5031, b1= 0.3419 

The IDAC transfer function is: 

z - a 1 z - 0.5031 
w(z) = z + b i — z + 0.3419 

Therefore, the plant transfer function is: 

z + 0.3419 Gp(z) — ( z - 0.5031)

During the process of controlling the plant, the pole is disturbed by a step of magnitude 

0.2, and the zero is undisturbed. Table 3.4 shows the simulation result for this case. From 
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this table it is observed that not only has the IDAC identified the new pole location of the plant, 

but also has relocated its zero so that the desired response from the system is obtained. 

Figures 3.4a and 3.4b show the plots for this case. 
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Fig. 3.4a. Output vs IDAC zero plot. 

11 21 31 41 51 
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Fig. 3.4b. Error vs no. of iterations plot. 

61 71 
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Table 3.4. Simulation Results 

The plant transfer function is of the form: 

z + 0 1
G (z) — . 

P z - a l

The plant parameter values are: 

131 = 0.35, a 1 = (0.5 + 0.2) 

Input Output 

1.0 1.000 

Number of iterations = 64 

The IDAC parameter values are: 

a1= 0.6895, b1= 0.3975 

The IDAC transfer function is: 

z - al z - 0.6875 W(z) = — 
z + b1 z + 0 .397 5 

Therefore, the plant transfer function is: 

z + 0.3975 
Gp(z) - z - 0 . 6 87 5 
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3.2.2.1, With Noise 

In the above case, the plant was perturbed with a step disturbance of known magnitude. 

To show that the IDAC is able to learn the plant dynamics in a noisy environment, a 

random signal was added at the output of the plant. This is schematically shown in Fig. 3.5. 

Noise was generated by a random number generation program [30]. 

E(z) 

ADAPTATION ALGORITHM 

S(z) 

X(z) 
I DAC PLANT 

Fig. 3.5. Adding noise to the output. 

Y(z) 

NOISE 

For this case, a plant having pole and zero at 0.7, and -0.45 is chosen. Table 3.5 

shows the simulation results and Figs. 3.6a and 3.6b show the plots of the output vs the 

number of iterations, and the error vs the number of iterations, respectively. 
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Table 3.5. Simulation Results 

The plant transfer function is of the form: 

Gn(z)
1-' Z - a 1 • 

The plant parameter values are: 

131 = 0.45, oci = 0.7 

Input Output 

1.0 1.000 

Number of iterations = 83 

The IDAC parameter values are: 

a1= 0.7027, b1= 0.4362 

The IDAC transfer function is: 

z - a 1 z - 0.7027 w(z) = — z + b1 z + 0.4362 

Therefore, the plant transfer function is: 

z + 0.4362 \ Gp(z) —( z - 0.7027 ' 
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Fig. 3.6a. Output vs no. of iterations plot. 
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Fig. 3.6b. Error vs no. of iterations plot. 



6 7 

3.2.3 Phase 3: First Order Plant with Different Dynamics 

In this phase are shown the simulation results for different dynamics of the plant. 

Table 3.6 shows the simulation results for a case when the plant pole is at 0.4, and zero 

at -0.3. 
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Table 3.6. Simulation Results 

The plant transfer function is of the 

z + 13 i
G 

form: 

(z) — . 
P z - a 1

The plant parameter values are: 

131 = 0.3, cc i= 0.4 

Input Output 

1.0 0.999 

Number of iterations = 25 

The IDAC parameter values are: 

a1= 0.4018, b1= 0.2962 

The IDAC transfer function is: 

z - a 1 z - 0.4018 

is: 

w(z) = 
— 

z + b1 z +0.2962 

Therefore, the plant transfer function 

+ 0.2962 
G (z) —

z 
p z - 0.4018 

Table 3.7 details the result for a plant which has pole at 0.9, and a zero at -0.6. Figures 

3.7a and 3.7b show the plots of the IDAC parameters, zero, vs error, and error vs number of 

iterations, respectively. 
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Table 3.7. Simulation Results 

The plant transfer function is of the form: 

z + p i
G (z) —

P z - a 1

The plant parameter values are: 

[31 = 0.6, oci= 0.9 

Input Output 

1.0 0.999 

Number of iterations = 250 

The IDAC parameter values are: 

a1= 0.9009, b1= 0.5975 

The IDAC transfer function is: 

z - a 1 z - 0.9009 W(z) = — 
z + b1 z + 0.5975 

Therefore, the plant transfer function is: 

+ 0.5975 
G (z) —

z 
p z - 0.9009 
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Fig. 3.7a. Error vs no. of iterations plot. 
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Fig. 3.7b. Error vs IDAC zero plot. 
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.8 shows the simulation results for a plant with a pole at - 0.5 and a zero at 0.3. 
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Table 3.8. Simulation Results 

The plant transfer function is of the form: 

z + 01 G (z) — 
P z - a 1 • 

The plant parameter values are: 

01 = -0.3, a1= -0.5 

Input Output 

1.0 0.999 

Number of iterations = 212 

The IDAC parameter values are: 

a1= -0.5036, b1= -0.2979 

The IDAC transfer function is: 

z - a 1 z - (-0.5036) 
w(z) — z + b1 — z + (-0.2979) 

Therefore, the plant transfer function is: 

C.  
z + (-0.2979) - z - (-0.5036) 

Table 3.9 details the result for a case when the plant is described by a pole and a zero at 

1.0 and 0.5, respectively. Figures 3.8a and 3.8b show the plots for this case. 
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Table 3.9. Simulation Results 

The plant transfer function is of the form: 

z + {31
G(z) = 

, 1' z - oc i

The plant parameter values are: 

131 = 0.5, ai = 1.0 

Input Output

1.0 1.000 

Number of iterations = 212 

The IDAC parameter values are: 

a1= 0.9982, b1= 0.4895 

The IDAC transfer function is: 

z - a 1 z - 0.9982 

• 

w(z) = z +b i — z+ 0.4895 

Therefore, the plant transfer function is: 

z + 0.4895 
G1)(z) - z - 0.9982 
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Table 3.10 and Figs 3.9a and 3.9b show the simulation result, and the plots for a plant 

of transfer function ( z ) z - 0.8 • 

Table 3.10. Simulation Results 

The plant transfer function is of the form: 

z + 13 1
G ( 

P
z) — 

 z - a • 1 

The plant parameter values are: 

P i = 0.0, a i = 0.8 

Input Output 

1.0 0.999 

Number of iterations = 71 

The IDAC parameter values are: 

al= 0.7881, b1= 5.9596E-02 

The IDAC transfer function is: 

z - a 1 z - 0.7881 
w(z) '•"--' z + b1 — z + 5.9596E-02 

Therefore, the plant transfer function is: 

z + 5.9596E-02 Gp(z) - z - 0.7881 
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Fig. 3.9a.Error vs no. of iterations plot. 
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Fig. 3.9b.Output vs no. of iterations plot. 
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detail 

In the above simulation studies the plant gain Kp, was unity. Table 3.11 

the simulation results for a plant of transfer function: G (z) — 
2(z + 0.5) 

P (z - 0.9) • 

Table 3.11. Simulation Results 

The plant transfer function is of the 

z + (31 

form: 

Gp(z) = Kn( 
) • P z - al

The plant parameter values are: 

R1 = 0.5, a 1= 0.9, Kr 2.0 

Input Output 

1.0 1.000 

Number of iterations = 174 

The IDAC parameter values are: 

al= 0.8910, b1= 0.4940, Kc = 0.4582 

The IDAC transfer function is: 

z - a l z
IC_ ) w(z) = ( , ) — 0.4582 ( 

' z ± ° 1 
Z + 0.4940 

Therefore, the plant transfer function is: 

+ 
0.4940 \ Gp(z) = 2.1825 (

z 
• z - 0.8910) 
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Figures 3.10a and 3.10b show the error and the output plots, respectively, for this 

plant. 
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Fig. 3.10a. Error vs no. of iterations plot. 
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Fig. 3.10b. Output vs no. of iterations plot. 
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3.2.4 Phase 4: First-Order Plant Response for Arbitrary Input Signals 

3.2.4.1 Without Perturbation 

In this phase the results are shown for a case when the plant is excited by different 

arbitrary inputs. 

A plant with pole and zero placed at 0.7, and -0.4 in the z-plane is considered. The 

IDAC, in cascade with the plant, is trained to be the inverse-dynamics model of the plant as in 

phase 1. This makes the plant output follow the input. The simulation results for the training 

period are shown in Table 3.12. 
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Table 3.12. Simulation Results 

The plant transfer function is of the form: 

+ 131 
Gp(z) = 

lc(z 
)

P z - a l

The plant parameter values are: 

Di = 0.4, a l = 0.7, Kp= 1 

Input Output 

1.0 1.000 

Number of iterations = 53 

The IDAC parameter values are: 

al= 0.6987, bi= 0.4051, Kc = 1 

The IDAC transfer function is: 

z - a 1 , z - 0.4051
w(z) = Kc ( z + b i )-"" k z + 0.6987 ' 

Therefore, the plant transfer function is: 

+ 0.6987
Gp(z) — (

z 
z - 0.4051' 
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A sinusoidal input, shown in Fig. 3.11a, is applied to the plant, the plant output is 

shown i n Fig. 3.11b, :Ind the error plot is shown in Fig. 3.11c. 
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Fig. 3.11a. input signal vs time plot. 
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Fig. 3.11b Output vs time plot. 
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Fig. 3.11c. Error vs time plot. 

Figure 3.12a shows an arbitrary input signal combination of unit step, sinusoid and a 

2.5 unit magnitude. The corresponding plant output and error plots are shown in Fig. 

3.12b and 3.12c respectively. 
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Figure 3.13b shows the response of the system for a case when the input signal is a 

combin ation of an unit step, sinusoidal signal, a random signal, and a negative step of -2.5 

units shown in Fig. 3.13a. Error plot is shown in Fig. 3.13c 
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Figure 3.14a shows the square input signal and the corresponding output and error 

plots are shown in Figs. 3.14b and 3.14c respectively. 
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Figure 3.15b shows the system response for an input combination of square signal, a 

nal of 2 units, and a square signal as shown in Fig. 3.15a. Figure 3.15c shows the 
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3.2.4.2 With Perturbation 

The results discussed in the previous section of this are for a case when the dynamics 

of the plant dynamics are not perturbed after the IDAC has been trained. But in a practical 

situation, after training the IDAC to a particular plant, the plant dynamics may be disturbed. 

The present section of this chapter shows the simulation results when the plant dynamics are 

perturbed after the IDAC has been trained to a particular plant. 

The plant chosen in phase 1, with a pole at 0.7, and a zero at -0.4, is considered. The 

IDAC =s then trained to be the inverse-dynamics model of the plant. Subsequently, a step 

signal of magnitude 2 units is applied to the system. The plant follows this input. At a 

particular instant of time, the plant dynamics is perturbed by shifting both the pole and the zero 

by a magnitude of 0.3 units, making the pole and zero to locate at 1 and -0.7, respectively. 

As shown in Table 3.13, the IDAC indentifies the new dynamics of the plant with 

respect to the previously identified dynamics. Table 3.13 also shows the number of iterations 

required to identify and control the new plant . 
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Table 3.13. Simulation Results 

The plant transfer function is of the form: 

+ [31G (z) — ( z ) • P z - a 1

The plant parameter values are: 

[31 = (0.4 + 0.3), a l= (0.7 + 0.3) 

Input Output 

1.0 1.000 

Number of iterations = 36 

The IDAC parameter values are: 

a l= 1.0005, b1= 0.7078 

The IDAC transfer function is: 

z - a 1 z - 1.0005 
w(z) = z + b i — z + 0.7078 

Therefore, the plant transfer functions is: 

+ 0.0.7078 
G (z) — (

z 
P z - 1.0005 ) 

Figure 3.16a shows the input signal applied to the system. Figures 3.16b through 

3.16e show the different plots for this case. 
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Fig. 3.16e. Output vs IDAC zero plot. 

3.3 Summary of Results 

The simulation studies of the IDAC performed for a first-order plant discussed in the 

previous section are summarized in Table 3.14. The value of the adaptive gains used for the 

IDAC parameters in these simulation studies is 0.2. 

The computer program for the above simulation studies is written in FORTRAN 77 on

the VAX computer. A detailed flowchart of the simulation program is shown in Fig. 3.17. As 

indicated in this Fig., the IDAC parameters can be initialized to any values. However, in these 

simula :ion studies the parameters are initialized to 0 for pole and zero, and 1 for the controller 

gain. Error signal is calculated as the difference between the reference input (unit step) and the 

output. If this error signal is greater than 0.001 , the adaptive scheme will, then, modify the 

control signal by changing the IDAC parameters (pole, zero, and gain) till the convergence is 

achieved. At this point, the controller has become an inverse-dynamics model of the plant 

under study, which, therefore, will make the the plant output follow the input signal. 



Table 3.14. Summary of Results 

(a) Without Perturbation 

Run 
No. 

Desired Plant 
Parameter 
Values 

Plant Parameters 
Values Obtained 
from the Simulation 
Study 

Error between 
the Desired and the 
Obtained Plant 
Parameter Values 

Number of 
Iterations 

1. 01 = 03 131 = 0.2962 131 = 0.0038 

a l = 0.4 a l = 0.4018 a i = -0.0018 25 

2. 01 =0.35 fli = 0.3419 01 = 0.0081 

a l = 0.5 a l = 0.5031 a l = -0.0031 32 

3. 131 = 0.4 131 = 0.4051 131 = -0.0051 

a1 = 0.7 a 1 = 0.6987 a 1 = 0.0013 53 

4. 01 = 0.6 131 = 0.5975 131 = 0.0025 

a l = 0.9 a l = 0.9009 a l = -0.0009 250 

5. Di = -°3 131 = -0.2979 a 1 = 0.0021 

a l = -0.5 a l = -0.5036 a l = -0.0036 212 

6. 01 = 0.5 pi = 0.4895 131 = 0.0105 

a l = 1.0 a l = 0.9982 a l = 0.0018 263 



7. P i = 0.0 

a l = 0.8 

131 = 0.0059 

a 1 = 0.7881 

131 = -0.0059 

a l = 0.0119 71 

8. 131 = 0.5

a l = 0.9
Kp = 2.0

131 = 0.4940 

a l = 0.8910 
KP 2.1825 = 

131 = 0.0060 

a l = 0.0090 
KP -0.1825 = 174 

(b) With Pertrubation 

9. 131 = (0.4 + 0.2) 131 = 0.5914 131 = 0.0086 

a l = (0.7 + 0.2) a l = 0.8996 a l = 0.004 194 

10. 131 = 0.35 f31 = 0.3975 131 = -0.0475 

a 1 = (0.5 + 0.2) a l = 0.6875 a l = 0.0125 64 

11. 131 = 0.45 R1= 0.4362 131 = 0.0138 

al = 0.7 a l = 0.7027 a l = -0.0027 83 

Noise added 
at the output 
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Start 

V 

Define Variables 

Initialise the IDAC 

Parameters 

V 
Input the Plant Parameters 

( Pole, Zero and Gain ) 

Excite the System with an Unit 

Step Signal 

V 
Develop the Equations for the Plant 

Under Study 

♦ 
Measure the Output 

Calculate the Error 

Yes 
V 

Develop the Equations for the IDAC 

Structure Shown in Fig. 2.7 
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9 
Calculate the Parameter State Signals 

as Shown in the Fig. 2.9 

Pass the Old Variable Values to the 

Present Values of the IDAC 

Calculate the Correction terms for the 

IDAC Parameters (pole, zero & gain) 

Modify the IDAC Parameters based on 

the above Correction Terms 

Increase the Number of iterations by 

V 
LISTS THE FOLLOWING RESULTS 

Input Output 

No. of Iterations 

IDAC Parameter values 

IDAC Transfer function 

Hence, the Plant Transfer Function 

Obtain the Pole, Zero Locations 
of the Plant in the Z- Domain 

Plot the Error, Output, and 

Convregence Plots 

Fig. 3.17. Flowchart for the simulation program. 
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3.4 Discussion 

The simulation studies of the inverse-dynamics adaptive controller (IDAC) which were 

performed on a first-order plant have been presented in detail in this chapter. The results have 

been presented in four phases. 

Phase 1 has shown the results for an arbitrarily chosen stationary plant. Phase 2 has 

discussed the results for the plant chosen in phase 1, but when it undergoes, at some instant of 

time, some perturbation. From the results elucidated in Figs. 3.2a through 3.3d, it may be 

observed that the IDAC identified the perturbation in the plant dynamics, and at the same time 

made the plant give a desired response. The occurrence of a perturbation, as observed from 

Table 3.2, resulted in the IDAC requiring more time to learn and control the new plant. Excess 

time required for the IDAC to identify the plant dynamics is in consumerate with the 

perturbation. This may be observed from the results presented in Tables 3.2 and 3.4. From 

Table 3.5 it is clear that the IDAC can estimate the plant parameters even in a noisy 

environment. Therefore, whether the perturbation occurs in the plant dynamics, or externally 

to the plant, the IDAC learned and controlled the plant as observed from the results presented in 

this phase. Phase 3 presented the results for different plant dynamics. From the results, it was 

observed that the system response tended to become more oscillatory as the plant parameters 

moved closer to the unit circle (that is, the jw-axis in the s-plane). This oscillatory response 

increased the number of iterations (time) for the plant to settle to the desired response, and for 

the IDAC parameters to converge to those of the plant. The IDAC was able to learn and control 

the plant irrespective of the signs of the plant parameters. Table 3.8 substantiates this 

statement. The gain term in the plant transfer function increased the number of iterations as 

seen from the Table 3.11. The results for different excitation functions for the plant with and 

without perturbation were discussed in Phase 4. It may be seen from the results presented in 

this phase that the plant followed any arbitrary input signal if the IDAC had been trained to that 

plant. Even after training, however, if the plant dynamics were changed, the IDAC identified 

the new dynamics, and also made the plant track the input signal. 
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next ch 

The results obtained in the above phases have been summarized in Table 3.14. 

The simulation studies of the IDAC for second-order plants will be discussed in the 

apter. 



4. Second-Order Simulation Studies on IDAC 

4.1 Introduction 

The simulation studies of IDAC for a first-order plant were discussed in Chapter 3. In 

this chapter, the simulation studies of IDAC for a second-order plant are presented. The results 

are discussed for the following phases of the study. 

Phase 1: Second-Order Plant with Stationary Dynamics 

In this phase, a plant with two poles is considered. The second-order IDAC structure, 

which was discussed in Chapter 2 and which has no apriori knowledge of the plant, is 

cascaded with the plant under study. The IDAC parameters, the gain, poles and zeros, are set 

at some initial values. The gain is set at 1, and the poles and zeros are placed at the origin of 

the unit circle in the z-plane. The response of the complete system is then obtained for a unit 

step input signal. 

Phase 2: Second-Order Plant with Perturbed Dynamics 

A second-order plant with two poles, as in phase 1, is considered. During the process 

of the IDAC convergence to the plant parameters, the plant undergoes an uncertain perturbation 

in its dynamics which shifts its poles to new locations. This phase presents the simulation 

results for this case. The results of the IDAC when the plant output is corrupted by noise are 

also discussed in this phase. 

Phase 3: Second-Order Plant for Different Dynamics 

The IDAC can converge to the plant parameters, within certain limits, irrespective of the 

parameter values. This phase presents the results for a variety of different plant dynamics. 

98 
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Phase 4: Second-Order Plant Response for Arbitrary Input Signals 

After the convergence of the IDAC to the inverse-dynamics model of the plant, the 

transfer function of the system (plant) and the IDAC in cascade with the plant is unity. This 

implies that the output of the system follows the input signal irrespective of its form. This is 

demonstrated in this phase when the system is excited with arbitrary input signals. 

4.2 Second-Order System Simulations 

4.2.1 Phase 1: Second-Order Plant with Stationary Dynamics 

A second-order plant with two poles is considered. The simulation diagram for this 

plant is depicted in Fig. 4.1. 

ECz) 

ADAPTATION ALGORITHM 

S(z) 

X<z) 

SECOND ORDER 
IDAC MODULE 

I 

PLANT 

Fig. 4.1. Second-order system simulation diagram. 

Referring to the above figure, the plant transfer function may be obtained as 

Y(z) 
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Y(z) 1 
U(z) — z2 + a  z + a

1 2 

The poles of the plant are obtained by solving the quadratic equation: 

z2 + a l z + a 2 =0. 

(4.1) 

(4.2) 

Table 4.1 shows the simulation results for a plant with dynamics a i = 0.8 and a 2 = 

0.5, which correspond to the pole locations at: -0.4 ± j 0.5831 in the z-plane. Figures 4.2a 

through 4.2d show the error, output, and convergence plots respectively for this case. 
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Table 4.1. Simulation Results 

The plant transfer function is of the form: 

1 G 
P 

(z) — , . 
z` + a 1 z + a 2 

The plant parameter values are: 

a i = 0.8, oc2 = 0.5 

Input Output 

1.0 1.000 

Number of iterations = 77 

The IDAC parameter values are: 

al = 0.8002, a2 = 0.5001 

The IDAC transfer function is of the form: 

w(z) = z2 + al z + a2

= z2 + 0.8002 z + 0.5001 

Therefore, the plant transfer function is 

G 1p(z) — , 
z` + 0.8002 z + 0.5001 
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Fig. 4.2a. Error vs no. of iterations plot. 
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4.2.2 

underg 

0.5 anc 

trackin 

step pe 

values 

underg 

output, 

Phase 2: Second-Order Plant with Perturbed Dynamics 

In order to evaluate the IDAC's ability to identify and control the plant when the plant 

oes certain perturbation in its dynamics, a second-order plant, as in phase 1, with al = 

a 2 = 0.3, is considered. At a certain instant of time during the process of IDAC 

g and controlling the plant, the plant parameter values, a l and a 2, are changed by a 

rturbation of 0.3 and 0.2 respectively. With this perturbation, the new plant parameter 

become 0.8 and 0.5, respectively. 

Table 4.2 and Table 4.3 show the simulation results before and after the plant 

oes this perturbation in its dynamics. Figures 4.3a through 4.3d show the error, 

and IDAC parameter convergence plots, respectively, after perturbation. 
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Table 4.2. Simulation Results 

The plant transfer function is of the form: 

1G (z) — . 
P z + a 1 z + a 2 

The plant parameter values are: 

a l = 0.5' a 2 = " 

Input Output 

1.0 0.999 

Number of iterations = 31 

The IDAC parameter values are: 

al = 0.4923, a2 = 0.3077 

The IDAC transfer function is of the form: 

w(z) = z2 + al z + a2

= z2 + 0.49233 z + 0.3077 

Therefore, the plant transfer function is 

1G p(z) — , 
z`' + 0.4923 z + 0.3077 
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Table 4.3. Simulation Results 

The plant transfer function is of the form: 

1 G (z) — 2 . 
P z + a 1 z + a 2 

The plant parameter values are 

a l = (0.5 + 0.3), a 2 = (0.3 + 0.2) 

Input Output 

1.0 1.000 

Number of iterations = 83 

The IDAC parameter values are: 

al = 0.8003, a2 = 0.5002 

The IDAC transfer function is of the form: 

w(z) = z2 + al z + a2

= z2 + 0.8003 z + 0.5002 

Therefore, the plant transfer functions is 

G 1p(z) — , 
z` + 0.8003 z + 0.5002 
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4.2.2.1 With Noise 

In the previous section it was shown that the IDAC can identify the change in the 

dynamics of the plant and can converge to the changed plant parameters. A situation is now 

considered where the plant dynamics is not perturbed, but the plant output is corrupted by 

noise for a certain duration of time. This is schematically shown in Fig. 3.5 of Chapter 3. 
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Table 4.4, and Figs. 4.4a and 4.4b show the simulation results and the corresponding 

plots. 

Table 4.4. Simulation Results 

The plant transfer function is of the form: 

1G(z) — , 
P Z` + a 1 z + a 2

The plant parameter values are: 

a l = 0.8, a2 = 0.5 

Input Output 

1.0 1.000 

Number of iterations = 287 

The IDAC parameter values are: 

al = 0.7994, a2 = 0.4996 

The IDAC transfer function is of the form: 

w(z) = z2 + al z + a2

= z2 + 0.7994 z + 0.4996 

Therefore, the plant transfer function is 

1 
Gp(z) — 2

z + 0.7994 z + 0.4996 
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4.2.3 Phase 3: Second-Order Plant with Different Dynamics 

In this phase the results are presented for different plant transfer functions. 

Tables 4.5 through 4.7 show the simulation results for different values of the plant 

paramet ers a l, and a 2. 

Table 4.5. Simulation Results 

The plant transfer function is of the form: 

1Gp(z) — 2 
• z + a 1 z + a 2 

The plant parameter values are: 

a l = 0.7, a 2 = 0.45 

Input Output 

1.0 0.999 

Number of iterations = 51 

The IDAC parameter values are: 

al = 0.7074, a2 = 0.4421 

The IDAC transfer function is of the form: 

w(z) = z2 + al z + a2

= z2 + 0.7074 z + 0.4421 

Therefore, the plant transfer function is 

G 1p(z) — , 
z`• + 0.7074 z + 0.4421 
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Table 4.6. Simulation Results 

The plant transfer function is of the form: 

1 G (z) — ,, . 
P z` + a 1 z + a 2 

The plant parameter values are: 

a 1 = 0.9, a 2 = 0.55 

Input Output 

1.0 1.000 

Number of iterations = 146 

The IDAC parameter values are: 

al = 0.8911, a2 = 0.5569 

The IDAC transfer function is of the form: 

w(z) = z2 + al z + a2 

= z2 + 0.8911 z + 0.5569 

Therefore, the plant transfer function is 

1 Gp(z) — ,, 
z` + 0.8911 z + 0.5569 
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Table 4.7. Simulation Results 

The plant transfer function is of the form: 

1 G (z) — 2 . 
P z +a 1 z+a 2 

The plant parameter values are: 

a 1 = -0.8, a 2 = -0.5 

Input Output 

1.0 0.999 

Number of iterations = 98 

The IDAC parameter values are: 

al 1---  0.8, a2 = 0.5 

The IDAC transfer function is of the form: 

w(z) = z2 + al z + a2 

= z2 + 0.8 z + 0.5 

Therefore, the plant transfer function is 

G 1p(z) — , 
z" + 0.8 z + 0.5 

In the preceding cases, the second-order plant with two poles was considered. Now, 

the second-order plant with two poles and a zero is considered. The general dynamics of such 

a plant may be represented as 
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Gp(
(z + 

(4.3) z) — 2 
131) 

(z  + cc1 z + a 2) 

Table 4.8 shows the simulation results when the plant parameters in Eqn. (4.3) have 

values 0.4, 0.7, 0.45 for 131, a l, and a 2, respectively. Figures 4.5a through 4.5h show the 

error, output and convergence plots respectively. 

Table 4.8. Simulation Results 

The plant transfer function is of the form: 

z + 0 1 G (z) — 2
P z + oc 1 z + a 2 

The plant parameter values are: 

a 1 = 0.7, a 2 = 0.45, 131 = 0.4 

Input Output 

1.0 0.999 

Number of iterations = 92 

The IDAC parameter values are: 

a1 = 0.7081, a2 = 0.4426, b1 = 0.4004 

The IDAC transfer function is of the form: 
z2+ al z + a2

w(z) — (z + b i ) 

z2 + 0.7081 z + 0.4426 
— z + 0.4004 

Therefore, the plant transfer function is 
z + 0.4004 G (z) — 2

P z + 0.7081 z + 0.4426 
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In the next simulation study, the plant with the same dynamics as in Eqn. 4.3, but with 

a plant gain of 2 is considered. Table 4.9 lists the results of the simulation study for this plant. 

Table 4.9. Simulation Results 

The plant transfer function is of the form: 
z + 0

[Gp(z) K,Y = 2
1

z +a 1 z+a 2 

The plant parameter values are: 

a l = 0.7, a2 = 0.45, pi = 0.4, Kp = 2.0 

Input Output 

1.0 1.000 

Number of iterations = 89 

The IDAC parameter values are: 

a1 = 0.6992, a2 = 0.4370, b1 = 0.2528, Kc = 

The IDAC transfer function is of the form: 
z2+ a1 z + a2

Kc 

0.4939 

w(z) = I (z + bi)

z2 + 0.6992 z + 0.4370
0.4939 = [ z + 0.2528 

Therefore, the plant transfer function is 
z + 0.2528 

GP 2.0247[ (z) = 

z2 + 0.6992 z + 0.4370

Subsequently, the second-order plant with two poles and two zeros is considered. 

Table 4.10, and Figs. 4.6a and 4.6b show the simulation results, and the error and output 

graphs respectively obtained for this plant. 
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Table 4.10. Simulation Results 

The plant transfer function is of the form: 

2 

G z2 + P1a z + 132 (z)- 
P z + cc 1 z + a 2 . 

The plant parameter values are: 

a l =0.7, a 2 = 0.45, 01 = 0.4, 02 = 0.2 

Input Output 

1.0 1.000 

Number of iterations = 131 

The IDAC parameter values are: 

al = 0.7046, a2 = 0.4404, b1 = 0.3708, b2 = 

The IDAC transfer function is of the form: 
z2 + al z + a2

0.1854 

W(z) —z2 + b i z + b2

z2 + 0.7046 z + 0.4404 _ 

z2 + 0.3708 z + 0.1854 

Therefore, the plant transfer function is 

z2 + 0.3708 z + 0.1854 
G (z) — 2

P z + 0.7046 z + 0.4404 
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Table 4.11 lists the simulation result for a case when the system has an input 

added noise before settling to a steady value of 0.98. Figures 4.7a and 4.7b 

the corresponding error and output plots respectively. 
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Table 4.11. Simulation Results 

The plant transfer function is of the form: 

n 
z22 + P1 z + 02Gp(z) - 
z + a 1 z+ a 2 

The plant parameter values are: 

a l = 0.7, a 2 = 0.45, f3 i  = 0.4, 132 = 0.2 

Input Output 

0.978 0.978 

Number of iterations = 162 

The IDAC parameter values are: 

a1 = 0.7167, a2 = 0.4479, b1 = 0.3331, b2 = 

The IDAC transfer function is of the form: 
z2 + a1 z + a2

0.2082 

W(z) —z2 + b1 z + b2 

z2 + 0.7167 z + 0.4479 _ 
z2 + 0.3331 z + 0.2082 

Therefore, the plant transfer function is 

z2 + 0.3331 z + 0.2082 
Gp(z) — , 

z` + 0.7167 z + 0.4479 
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A situation may arise where the IDAC is of the second-order, while the plant is of the 

first-order. Table 4.12 presents the simulation results for this case. 

Table 4.12. Simulation Results 

The plant transfer function is of the form: 
z + 13 1

G (z) — ( ). 
P z + a l

The plant parameter values are: 

a i =0.8, pi =0.5 

Input Output 

1.0 1.000 

Number of iterations = 89 

The IDAC parameter values are: 

al = 0.7612, a2 = 0.0048, b1 = 0.4123, 

The IDAC transfer function is of the form: 
z2 + a l z + a2

b2 = 0.0021 

z + 0.4123 

w(z) —z2 + b i z + b2

z2 + 0.7612 z + 0.0048 _ 

z2 + 0.4123 z + 0.0021 

Therefore, the plant transfer function is 

z2 + 0.4123 z + 0.0021 
G (z) — 2 = 

P z + 0.7612 z + 0.0048 z + 0.7612 
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4.2.4 Phase 4: Second-Order Plant Response for Arbitrary Input Signals 

In this phase are shown the results for a case when the plant is excited by different 

arbitrary inputs. A second-order plant with two poles, as in phase 1, is considered. The IDAC 

in cascade with the plant is trained to be the inverse-dynamics model of the plant. This makes 

the plant output follow the input. The simulation results for the training period are shown in 

Table 4.13. 
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Table 4.13. Simulation Results 

The plant transfer function is of the form: 

1 G (z) — 2 . 
P z + a 1 z + a 2 

The plant parameter values are: 

a 1 = 0.5, a 2 = 0.3 

Input Output 

1.0 0.999 

Number of iterations = 31 

The IDAC parameter values are: 

al = 0.4923, a2 = 0.3077 

The IDAC transfer function is of the form: 

w(z) = z2 + al z + a2

= z2 + 0.4923 z + 0.3077 

Therefore, the plant transfer function is 

1 
Gp(z) — , 

z` + 0.4923 z + 0.3077 

Subsequent to the IDAC identification of the plant dynamics, different input signals 

were ap 

4.12 sh 

plied to the plant and the corresponding outputs were obtained. Figures 4.8 through 

ow the different input signals and the corresponding plant output signals. 
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4.3 Summary of Results 

The IDAC simulation studies performed on a second-order plant discussed in the 

preceding section are summarized in Table 4.14. 



Table 4.14. Summary of Results 

(a) Without Perturbation 

Run Desired Plant Plant Parameters Error between Number of 
No. Parameter Values Obtained the Desired and the Iterations 

Values from the Simulation Obtained Plant 
Study Parameter Values 

1. al = 0.5 a 1 • = 0 4923 a 1 ' = 0 0077 

a2 = 0.3 a2 = 0.3077 a 2 = -0.0077 31 

2. a l = 03 a1 • = 0 7074 a1 • = -0 0074 

a2 = 0.45 a2 = 0.4421 a2 = 0.0079 51 

3. al = 0.8 a1 • = 0 8022 a 1 • = -0 0002 

a2 = 0.5 a2 = 0.5001 a 2 = -0.0001 77 

4. a l = 0.9 a1 • = 0 8911 a1 • = 0 0089 

a 2 = 0.55 a2 = 0.5569 a2 = -0.0069 146 

5. a 1=0.7 a1 = 0• 7081 a 1 = -0• 0081 

a2 = 0.45 a2 = 0.4426 a 1 • = 0 0074 

131 = 0.4 131 = 0.4004 (31 = -0.0004 92 

6. al = 0.8 a 1 • = 0 8196 a 1 • = -0 0196 

a2 = 0.5 a2 = 0'5123 a 2 = -0.0877 

131 = 0.6 131 = 0.7644 131 = -0.1644 177 

7. a l = 0.8 = a 1 0.7780 a = -0• 0220 1

a 2 = 0.45 a2 = 0.4862 a 2 = -0.0362 

131 = 03 rii = 0.7897 pi = -0.0897 205 

8. al = 0.7 a1 • = 0 6992 a 1 • = 0 0008 

a2 = 0.45 a 2 = 0.4370 a 2 = 0.0130 



R 1 = 0.4 

kP = 2.0 

pi = 0.2528 

kP = 2.0247 

p i = 0.1472 

kP = -0.0247 89 

9. a1 - 0.7 a 1 - 0.7046 a 1 - -0.0046 

a2 = 0.45 a2 = 0.4404 a 2 = 0.0096 

131 = 0.4 01 = 0.3708 p1 = 0.0292 

02 = 0.2 f32 = 0.1854 02 = 0.0146 131 

10. a1 = 0.8 a1 = 0.7612 a1 ' = 0 0388 

a 2 = 0 a2 = 0.0048 a 2 = -0.0048 

01 = 0.5 131 = 04123 p1 = 0.0877 

132 = 0 02 = 0.0021 02 = -0.0021 89 

(b) With Pertrubation 

11. a 1 = (0.5 + 0.3) a 1 = 0.8003 a1 = -0.0003 

a 2 = (0.3 + 0.2) a2 = 0.5002 a1 = -0.0002 83 

12. a1 = 0.8 a1 = 0.7994 a1 = 0.0006 

a2 = 0.5 a2 = 0.4996 a2 = 0.0004 297 

Noise added 
at the output 
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4.4 Dependence of Parameter Convergence on Constants 

The adaptive algorithm for the IDAC parameters was developed in Chapter 2. From 

Eqns. 2.40 through 2.44 of Chapter 2, it may be observed that the correction terms for the 

IDAC parameters depend on the constant p,. For example, the correction term for the parameter 

al (that is, Eqn. 2.40c) is 

Dal(n) = ltaie(n) Sai(n). 

As seen from the above equation, the correction term is a scalar product of the constant 
µa1, the error signal e(n), and the parameter state signal S (n). Therefore, the convergence al

accuracy of the IDAC parameters to those of the plant depends upon the constant Table 

4.14 summarizes the results obtained from the simulation studies of the IDAC on a second-

order plant. The values of the constants used for the IDAC parameters in this study are listed 

below: 

—al = 0.16, 

µa2 = 0.1, 

—bi = 0.16, 

p+, = 0.1, and 

1.1/(c = 0.4. 

From Table 4.14 and Run No. 6, it may be observed that the error between the desired 

and the obtained plant parameter value for 131 is large, although the desired response is 

achieved. Table 4.15 lists the simulation results obtained after modifying the constant 1.4, from 
"1 

0.16 to 0.09. 
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Table 4.15. Simulation Results 

The plant transfer function is of the form: 

z + 131
G (z) — 2 . 

P z +a I. z+a 2 

The plant parameter values are: 

a l =0.8, a 2 = 0.5, 131 =0.6 

Input Output 

1.0 1.000 

Number of iterations = 189 

The IDAC parameter values are: 

al = 0.7999, a2 = 0.4994, b1 = 0.5852 

The IDAC transfer function is of the form: 
z2 + a l z + a2

w(z) — z + b1 
z2 + 0.7999 z + 0.4994 

— z + 0.5852 

Therefore, the plant transfer function is 

z + 0.5882 Gp(z) — 2
z + 0.7999 z + 0.4994 
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From Table 4.14, and Run No. 7, it may be seen that the value of 131 obtained from the 

IDAC differs significantly from the desired values for µb1 = 0.16. Changing the value of the 

constant to 0.3, gives results shown in Table 4.16. 

Table 4.16. Simulation Results 

The plant transfer function is of the form: 

z + 0 1 Ki., Gp(z) = [ 2 
] 
. 

1' z +a 1 z +a 2 

The plant parameter values are: 

a i = 0.7, a 2 = 0.45, 131 = 0.4, Kp = 2.0 

Input Output 

1.0 1.000 

Number of iterations = 102 

The IDAC parameter values are: 

a1 = 0.7097, a2 = 0.4435, b1 = 0.4263, Ke = 

The IDAC transfer function is of the form: 
z2 + a l z + al

' 

0.4967 

w(z) = K_ [ ] c z + b1 

z2 + 0.7097 z + 0.4435 
= 0.4967 [ l z + 0.4263 

Therefore, the plant transfer function is 
z + 0.4263 

G(z) = 2.0133 [ , p 
z` + 0.7097 z + 0.4435

Better convergence of the IDAC parameters to those of the plant is achieved for the 

plant parameter values a 1 = 0.8, a 2 = 0.5, and 131 = 0.7, when the constants are modified to 



140 

ga i 0.18, and 1.1.b1 = 0.12,. Table 4.17. shows the simulation results for the modified 

constalts. 

Table 4.17. Simulation Results 

The plant transfer function is of the form: 
z + b1Gp(z) — 2 . 

z + a 1 z + a 2 

The plant parameter values are: 

a l =0.8, a 2 =0.45, 131 =0.7 

Input Output 

1.0 1.000 

Number of iterations = 206 

The IDAC parameter values are: 

al = 0.8054, a2 = 0.4474, b1 = 0.7146 

The IDAC transfer function is of the form: 
z2 + a 1 z + a2

w(z) — z + b1 
z2 + 0.8054 z + 0.4474 

— z + 0.7146 

Therefore, the plant transfer function is 
z + 0.7146 

Gp(z) — 2
z + 0.8054 z + 0.4474 
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4.5 Discussion 

Simulation studies of the inverse-dynamics adaptive controller (IDAC) performed on a 

second-order plant have been presented in this chapter. The results have been detailed in four 

phases. 

The results for a stationary second-order plant with two poles have been presented in 

phase 1. From these results, it may be observed that the desired response is obtained from the 

plant under study, and the IDAC has estimated the plant parameters quite accurately. Phase 2 

has detailed the results for a case when the plant undergoes some perturbation. Two situations 

were simulated. In the first situation, the perturbation occurred in the plant dynamics. Table 

4.2 lists the results for a plant before undergoing any perturbation. Table 4.3, and Figs. 4.3 

through 4.8 show the results obtained when the above plant dynamics are perturbed. The 

second situation dealt with a case when the plant was operated in a noisy environment. From 

the restits presented in Table 4.4, and from Figs. 4.9 and 4.10, it may be seen that the IDAC 

identified the plant parameters. Therefore, the IDAC, in general, can learn and control a plant 

whether perturbation occurs in the dynamics of the plant or external to the plant, as seen from 

the results presented in this phase. 

The results for different plant dynamics are elucidated in phase 3. Second-order plants 

with two poles, with two poles and a zero, and with two poles and two zeros, and with and 

without plant gain were considered. From the results achieved for these cases, the number of 

iterations to get a desired output and for the IDAC parameters to converge to those of the plant 

were observed to increase as the plant parameters moved closer to the unit circle in the z-plane, 

although the exact relationship was difficult to establish. Results are also shown, in this 

phase, for a situation when the system input begins with added noise before settling down to a 

steady value. 
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Once the IDAC parameters have converged to the plant parameters, the plant can follow 

any excitation function applied as its input. This has been demonstrated, considering different 

excitation signals, in phase 4. 

The results obtained in the above phases have been summarized in Table 4.14. As 

explained in Section 4.4, the convergence of the IDAC parameters to those of the plant depends 

on the constant defined as ii, in the adaptation algorithm. This has been demonstrated by some 

examples. Further research is required for the determination of the relationship of the constants 

in the adaptive rules for the MAC parameters with the plant parameter values. However, the 

desired response was achieved irrespective of the value of the constants. 



5. Summary and Conclusions 

This chapter summarizes the work performed in this thesis. Conclusions and directions 

for future research are also given. 

The necessity to deal with increasingly complex systems, the need to accomplish 

increasingly demanding design requirements, and the need to attain these requirements with 

less precise knowledge of the plant and its environment; that is, the necessity to control a plant 

under increased uncertainty has been mainly responsible for the evolution of control 

methodologies. From the discussions detailed in the earlier chapters of this thesis, it may be 

observed that a control strategy based on the inverse-dynamics approach may be a strong 

candidate to satisfy the above goals. Upon examination of the results presented in this work, it 

may be concluded that the inverse-dynamics adaptive controller (IDAC) could estimate plant 

parameters which were not known a priori to the controller, quite accurately, and this 

knowledge could be used to control the plant. The two main objectives of this thesis were to 

give a clear concept of the inverse-dynamics approach and to develop an algorithm which 

would make the controller an inverse-dynamics model of the plant understudy. 

The general motivation for the study of adaptive control was given in Chapter 1. The 

different schemes of learning control systems were presented. Recent trends in adaptive 

control using expert control or knowledge-based control, neural networks, and the inverse-

dynamics approach were discussed. The requirements for a simple adaptive technique with 

learning capabilities were also described. 

The principles of the IDAC approach were presented in Chapter 2. The limitations of 

the hiel-gain approach in achieving a desired plant response were discussed. The basis for the 

proposed algorithm, the steepest-descent adaptation scheme, was explained in some detail. 

The a• aptation algorithm based on the steepest-descent technique and the structure for the 

IDAC were presented. For purposes of mathematical convenience, the adaptation algorithm 

and the IDAC structure were first developed for a first-order plant and then for a second-order 

143 



144 

plant. Based on these developments, the generalization of the algorithm and the IDAC 

structure for an nth - order plant was discussed. In order to have an easy and a convenient 

form of implementing the IDAC technique for higher order systems, it was suggested that the 

plant and the IDAC structure be represented as a cascade connection of second-order modules. 

With the detailed explanation of the inverse-dynamics approach, and with the derivation 

of the necessary algorithm in Chapter 2, the primary objectives of this thesis have been 

achieved. The secondary objective of this thesis was to implement the algorithm in a controller 

that could: 

1. satisfactorily control arbitrary processes which might be exposed to various 

disturbances, 

2. require minimum amount of prior process knowledge; 

3. successively increase it's amount of process knowledge and accordingly improve the 

control; 

4. perform the diagnosis of the plant parameter variations. 

The simulation studies of the IDAC for first- and second- order plants were presented 

in Cha-pters 3 and 4, respectively. Different plant dynamics were considered during these 

simulation studies. From the results presented in this thesis, it is apparent that a controller 

designed on the inverse-dynamics approach and the proposed algorithm could function 

satisfactorily for a wide spectrum of processes. Different situations in the form of plant 

parameter perturbations and additive noise at the plant output were also considered. With this, 

a satisfactory control of arbitrary processes, with and without exposure to disturbances, was 

achieved thereby completing the first secondary objective. The algorithm developed in this 

thesis does not depend on the process states. For the implementation of IDAC with this 

algorithm, the knowledge of only the input and the output signals was required. For proper 

selection of the constants in the adaptation algorithm of the IDAC parameters, the knowledge of 

the order of the plant under study might be useful information. The IDAC, therefore, could 

learn and control a given plant with a minimum amount of prior process knowledge thereby 
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satisfying the second secondary objective. Unlike in the conventional learning control 

schemes, learning and control in the proposed technique were carried out simultaneously. The 

IDAC improved its performance at each learning trial. Each learning iteration is, therefore, a 

process of acquiring more process knowledge and of improving control of the process. This 

meets the third secondary objective. The study of the trajectories of the IDAC parameters 

reflects the plant parameter variations which, therefore, helps in studying the effect of 

perturbations on the process parameters. This fulfils the last secondary objective. 

From the above discussion, it may be observed that with the implementation of the 

inverse-dynamics approach and the proposed algorithm one could develop a controller that 

could meet the requirements listed above. Therefore, it may be concluded, from the results 

presented in Chapters 3 and 4, that the secondary objectives of this thesis have been fulfilled. 

From this thesis, the following two main observations about the inverse-dynamics 

approach may be made: 

1. The teaching signal from a teacher, like in a supervisory learning scheme, for 

guiding the plant under study, is not required. Instead, the error signal can be the teaching 

signal, and can be used for the adaptation process. 

2. The control and learning are done simultaneously, and learning continues whenever 

the controller is used. This permits the controller to adapt to changes in the plant parameters at 

any time the plant is operating. 

Because of the complex behavior of adaptive systems, it is necessary to consider them 

from the stability point of view. In the proposed adaptive scheme if the inverse-dynamics 

model of the plant under study is stable, then the overall inverse-dynamics adaptive system is 

stable. This is because the transfer function relating the plant output to the input is unity. 

However, if the IDAC is unstable, its output, U(z), may become unbounded which may drive 

the plant to a region of instability. The success of the proposed scheme, therefore, depends on 

the stability of the IDAC. From the results presented in this thesis it may be observed that the 

plant output was bounded for the bounded inputs used in the simulation. This demonstrates 
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that the proposed adaptive technique was stable for these cases. From the extensive simulation 

studies performed during this project it was not possible to estimate the conditions under which 

the adaptive system may become unstable. A more complete analysis of inverse-dynamics 

adaptive control would include further development of the concept, as well as performance 

analysis and stability analysis. A detailed mathematical stability analysis for this proposed 

technique needs further work. 

5.1 Extensions and Future Work 

The work described in this thesis has much scope for extension. The simulation results 

presented in this thesis are limited to linear second-order plants. These simulations may be 

performed on higher-order systems as suggested in Section 2.6 of Chapter 2. The relationship 

of the adaptive gain constantµ in the parameter adaptation algorithms to the plant dynamics 

may be interesting to obtain. The IDAC performance may be then verified without apriori 

knowledge of the order of the plant. This means that a higher order controller can be installed 

in cascade with the plant. As the plant dynamics change, which may affect its order, the 

controler, in response to this, may modify its dynamics and order to match those of the plant 

by adjusting its gain terms in the adaptation rules. The modification and performance 

evaluation of the IDAC algorithm and structure for non-linear systems require further research. 

At the cost of considerably increased computational load, piecewise linearization can be applied 

to most non-linear systems by dividing the whole region of operation into small pieces. The 

IDAC scheme may then be extended for non-linear systems. A detailed stability analysis for 

the above conditions may reinforce the merits of using the inverse-dynamics approach in 

adaptive control. Finally, the practical implementation of the proposed control technique to 

physical systems may lead to an exciting avenue of IDAC applications to control problems. 
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